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Abstract 
 

Gait analysis (GA) is crucial for understanding age-related changes, falls and 

instability in active older adults. Traditional GA methods have significant limitations, 

particularly related to marker/sensor positioning, calibration and controlled environment, 

prompting the exploration of alternative approaches. Therefore, there is a growing interest 

in markerless (ML) analysis methods for tridimensional gait analysis (3DGA) in active 

older adults.  

Although the ML system seems appealing due to its ability to overcome the 

limitations of other methods, the exact influence of clothing on the collected data is still 

unknown. Therefore, the aim of this study is to investigate the influence of clothing on 

the kinetic and kinematic data obtained from the gait of active healthy elderly individuals. 

This cross-sectional observational study included thirty participants and compared  

two types of clothing conditions: Minimal Clothing (MC) (tight shirt and lycra shorts) 

and Self-selected Clothing (SSC) (unrestricted casual clothing) while the participants 

walked back and forth in a walkway of 12m long at their desired and comfortable speed. 

The main variables analyzed were lower limb joint angles and moments. 

The results obtained showed almost no differences between clothing conditions. The 

overall kinematic and kinetic curve patterns, across all joints and axes, were similar. The 

Root Mean Squared Difference (RMSD) values  ranged between 1.6º to 3.7º for joint 

angles and 0.02 Nm/Kg to 0.11 Nm/Kg for joint moments, reinforcing the overall low 

deviation between the clothing conditions. 

In conclusion, the output of this work shows that what was thought to be a limiting 

factor for this type of analysis did not prove to be one, since the results were positive and 

within expectations, following previous studies, highlighting the potential of validity of 

this kind of system. 

 

Keywords: : Gait analysis; Aging; Active older adults; Kinetics and Kinematics.  
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1. Introduction 
 

Gait studies are crucial to understand changes in movement that occur with normal 

aging, which may be related to falls (Maki & McIlroy, 2006; Michalska et al., 2021) 

and/or postural control (Michalska et al., 2021). Although there are qualitative 

observation scales to analyze movement, these tools are more subjective and may not 

have the necessary sensitivity to accurately identify subtle changes that may occur in gait 

upon aging (Buckley et al., 2019). 

There are several methods for performing a quantitative tridimensional gait analysis 

(3DGA), which can be divided into invasive and non-invasive methods. Invasive methods 

include X-ray stereophotogrammetry, bone pins and biplanar videoradiography (Figure 

1.1). The disadvantages of these methods are mainly related to the high costs and the 

exposure to radiation, in the case of X-ray stereophotogrammetry and biplanar video 

radiography, and the fact that a confined space and invasive surgical intervention are 

required during the examination, in the case of bone pins.  

 

 

 

 

 

  

Figure 1.1 Invasive methods: a) X-ray stereophotogrammetry, b) bone pins and c) biplanar videoradiography 

(Adapted from (Akhbari et al., 2019; Maiwald et al., 2017; Valstar et al., 2002)) 

 

Non-invasive methods include non-invasive image analysis systems, electromagnetic 

systems, inertial systems and optical systems (Figure 1.2). Non-invasive image analysis 

systems, like Magnetic Resonance Imaging (MRI), have disadvantages related to the 

limited volume capture of anatomical details and the high costs involved (Sheehan & 

Smith, 2018). 

 

 

b) a) c) 



 

2 

 

In electromagnetic systems, there can be a distortion in the results if there is metal 

around the measurement area (Bull et al., 1998; Schuler et al., 2005) and there is an 

increase in noise and a decrease in signal quality if the distance between the sensor and 

the transmitter is greater than stipulated, which rounds about 1,5m (Urbanczyk et al., 

2021). Furthermore, these types of systems are only able to collect at low sample 

frequencies of around 30Hz (Schuler et al., 2005).  

Inertial systems have advantages over electromagnetic systems since they allow us to 

collect data far away from the computer and with a higher sampling frequency. On the 

other hand, this kind of system, particularly their constituents, are prone to interference 

from magnetic fields created by other devices, which makes their low accuracy unfeasible 

to consider in studies of linear data, in which the error is bigger (Della Croce et al., 2018; 

Mobbs et al., 2022).  

Optical systems  include active markers and passive markers systems. The limitations 

in the first case are related to the fact that the person needs to have power supplies, or a 

computer attached to them, which can alter movement due to the discomfort caused. In 

the second case, there is the limitation of the extreme control required over the 

surrounding environment, particularly in terms of lighting. In such cases, artificial 

lighting is typically chosen to ensure consistency and avoid fluctuations in brightness, 

which might occur if external lighting were used. Additionally, there is the need to cover 

all elements that could reflect light (such as certain types of footwear) and, finally, the 

requirement for tight-fitting clothing, which can alter the movements of the participants, 

making the results less reliable (Gorton et al., 2009; Mobbs et al., 2022; Robles-García et 

al., 2015; Stebbins et al., 2023). 

Figure 1.2  Non-invasive methods: a) electromagnetic systems, b) inertial systems and c) optical systems 

(Adapted from (Cresswell et al., 2017; Hafer et al., 2015; Skvortsov et al., 2024)) 

a) b) c) 
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Although electromagnetic systems, inertial systems and optical systems work 

differently, they all require the placement of markers or sensors, so the result of the 

examination is affected by this placement and by the artifact generated by the soft tissues 

(Zemp et al., 2014). The artifact that arises not only generates error, but also increases the 

collection time (Fiorentino et al., 2017). 

Considering the limitations of the aforementioned methods, gait analysis (GA) using 

markerless (ML) methods represents a promising approach. The latest methods 

incorporate artificial intelligence to identify the subject's joint centers, mitigating the 

errors related to poor marker positioning (Heitzmann et al., 2022) and allowing the person 

to be assessed while using their usual clothing. 

Recent studies show that 3DGA using ML systems in healthy adults show that ML 

systems are reliable and valid (S. Liang et al., 2022; Riazati et al., 2022). However, this 

system has limitations regarding the detection of certain joint centers, namely the ankle 

joint, and the detection of certain angles in the frontal plane, namely the anterior pelvic 

tilt (Augustine et al., 2023; Scataglini et al., 2024). 

 Regarding the first issue related to the detection of joint centers, some studies 

suggested that this happened due to the variations in shoe types, particularly in the shoe 

sole and in the shoe height, used in the protocols (Eltoukhy et al., 2017; Mentiplay et al., 

2015). After removing the footwear factor from the protocol, some authors have 

hypothesized that there was low contrast between the participants’ skin and the walking 

pad, which made it impossible to make a clear distinction between those, specifically in 

the moment of the foot contact with the ground (Ma et al., 2020; Scataglini et al., 2024). 

Concerning the issue related to the detection of the anterior pelvic tilt, one of the 

hypotheses is that one of the factors generating this error is the clothes that the participants 

wear, such as long trousers and overlapping clothing (Augustine et al., 2023; Heitzmann 

et al., 2022). Besides that, there is another hypothesis stating that this may be related to 

the shift that occurs in the accumulation of fat from the lower limbs to the pelvic region 

upon normal aging, hence the importance of studying samples with elderly people (Sepe 

et al., 2011). 
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Besides the clothing used, other factors can also influence the results, namely the 

changes that naturally occur with normal and healthy aging. It is also known that gait 

parameters, such as joint angles, joint moments and joint power in the sagittal plane, will 

change with aging (excluding any age-related diseases). 

Studies have shown that in most cases, regarding the kinematics, there can be seen an 

increase in hip flexion at heel-strike and peak flexion; decrease of hip and knee extension 

at heel-strike; decrease in the ankle dorsiflexion also at heel-strike. Besides that, there can 

also be seen an increase of the Range of Motion (ROM) at the hip and knee and a decrease 

of ROM in the ankle (Boyer et al., 2017).  

Further, in some studies regarding the kinetics, it is observed an increase of the hip 

flexion moment and a decrease in the knee flexion moment and ankle dorsiflexion 

moment; an increase in hip extension moment and in ankle plantar flexion moment, and 

a decrease in knee extension moment; finally, there can be seen an increase in hip power 

generation and a reduced knee and ankle power generation (Boyer et al., 2017).  

In addition to these parameters, it is also possible to see changes upon aging in the 

spatiotemporal variables, such as lower velocity, shorter stride and step length and also 

lower cadence (Chung et al., 2023; Kowalski et al., 2022). 

 

1.1.       Motivation and Objectives 

The motivation for conducting this study has several key points, being the primary 

motivation the contribution to scientific knowledge, since the elderly age group is not 

typically chosen for this type of studies. Then, we have the contribution to the healthy 

behaviors, particularly the healthy aging, and well-being of the active older people, as a 

more accessible and painless evaluation will promote greater attention and ease the 

process, allowing to detect small nuances that might arise in gait, allowing for timely 

interventions; the development of specific protocols, which can only be drafted if there 

are several previous studies dedicated to validity of the systems; and finally, the social 

impact, considering that more accurate analyses can help shape health policies that 

encourage healthy movement, even in older age stages. 
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As previously described, markerless gait analysis (MLGA) still has some limitations 

regarding the clothing used by the people assessed, since there is still unknown the 

influence and impact that the attire may have on the collected data. Therefore, the aim of 

this study is to verify the influence of clothing worn on the kinematic and kinetic data 

obtained using ML systems in active healthy elderly. 

 

1.2.         Structure 

This dissertation is organized into five main chapters and its corresponding 

subchapters, a references chapter and, finally, an appendix with 8 annexes attached. 

Further there is an overview of each chapter: 

• Chapter 2: A review of the state of the art is conducted regarding GA methods, 

both invasive and non-invasive, followed by a comparison with other studies that 

considered different types of clothing in their conditions. Finally, an approach is 

made concerning the changes that naturally occur with healthy aging. 

• Chapter 3: The description of the methodology followed is provided, starting from 

the beginning of the study, which involved recruiting the sample of participants, 

followed by the study design. Subsequently, the methods for data collection, which 

include the filling of questionnaires – MoCA, eligibility, characterization, EQ5D-

3L and CPF – processing – through Python, Visual Studio Code, Theia and 

Visual3D – and analysis – mainly using Excel – are addressed. Additionally, at 

this stage, the variability in the clothing condition chosen by each participant – 

SSC – is also explored in a more visual manner. 

• Chapter 4: At this stage, the results obtained are presented, both from the kinematic 

analysis – where the joint angles and their behavior in both clothing conditions 

studied were discussed – and from the kinetic analysis, which examined the 

behavior of the joint moments under these same conditions. To better visualize the 

aforementioned, graphs and tables were used to clearly summarize the results. 
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• Chapter 5: In this chapter, a discussion is carried out to compare all the parameters 

obtained and to connect them to the clothing condition. Additionally, an overall 

comparison is made between the results of both analyses, and the limitations 

identified are highlighted, which should be addressed in future studies to enhance 

the robustness of this methodology. 

• Chapter 6: Finally, some conclusions are drawn that, in a way, summarize the work 

conducted. Additionally, future perspectives and potential studies are presented to 

overcome the limitations observed in this work. 
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2. State of the Art 

2.1.  Motion Analysis Methods 

 Quantitative analysis of tridimensional (3D) motion can be performed through 

invasive and non-invasive methods. Regarding the invasive methods, there are bone pins, 

X-ray stereophotogrammetry and biplanar videoradiography (Stebbins et al., 2023). The 

non-invasive methods include non-invasive image analysis systems, electromagnetic 

systems, inertial systems and optical systems (Maletsky et al., 2007). 

 In these systems, the concept of Position and Orientation of the Segment (POSE),  

which is a process of calculating the three translational parameters and three rotational 

parameters – usually referred to as six degrees of freedom (DOF) – is relevant, since this 

is the way of pinpointing the joint centers (Sethi et al., 2022).  

 Bone pins, which are a crucial part of studying artifacts generated by soft tissue, are 

generally used to measure the magnitude of relative errors – defined by the relative 

motion between two or more markers that define a bone segment – and the magnitude of 

absolute errors – described as the motion of a marker in relation to the bone landmark it 

represents – through comparison between data obtained by markers placed on the skin 

and markers fixed on bone pins. 

 After obtaining the magnitude of both errors, the data obtained by subcutaneous 

markers is compared with the data obtained by bone pins, from which results a direct 

measure of soft tissue movement in relation to the skeletal system (Stief, 2018; Wolf et 

al., 2022). Despite being a viable method, it ends up not being the most suitable due to 

being extremely uncomfortable and invasive for the person (Stief, 2018). 

 X-ray stereophotogrammetry is a technique generally used in order to obtain accurate 

3D measurements from a radiograph. The way this works is basically related to the 

geometric characteristics of an object, since the calculations are only possible due to the 

fact that there is repetition of movements between repeated examinations (Kärrholm, 

1989). 
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 This gait analysis method provides 3D information, not only about POSE, but also 

about bone’s relative motion. The disadvantages of this system are related to exposure to 

ionizing radiation, low resolution, difficulty in focusing during motion and the 

appearance of artifacts (Smith & Sheehan, 2018). 

 Biplanar videoradiography uses multiple views of X-ray examinations to capture bone 

movement. This method uses X-ray images obtained from two different perspectives to 

deduce accurate 3D information of the bones, particularly the POSE. This system allows: 

a) 3D knowledge of the exact locations of the joint centers and b) the possibility of 

accurately extracting the angles made by them (Kessler et al., 2019; Miranda et al., 2011).  

 This type of system can track the movement of a target joint, allowing the kinematics 

of various joints, such as the shoulder, hip, and knee, to be studied for a wide range of 

activities, including walking and running. Despite the advantages, this method presents 

limitations related to high costs and radiation exposure, making it impractical for 

applications that require frequent GA (Gray et al., 2018). The disadvantages of the 

invasive motion analysis systems are further synthesized in Figure  2.1.1. 

 

 
Figure 2.1.1 Disadvantages of the invasive motion analysis systems mentioned. 

Bone pins

Uncomfortable

Requires an 
invasive medical 

procedure
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 In the scope of non-invasive motion analysis systems, while attempting to eliminate 

the risks associated with prolonged contact with ionizing radiation, non-invasive image 

analysis systems that use MRI emerge. With these systems, it is possible to conduct 

qualitative studies of ankle joint movement and quantitative studies of active knee joint 

movement, per example (Sheehan & Smith, 2018).  

 This technique offers 3D quantitative data, having the advantage of high resolution 

and accuracy and the disadvantages of a limiting capture volume of anatomical details, 

especially in body parts where there is visual obstruction, per example the pelvic area, or 

when the surface is not well defined, considering that there’s still an issue regarding the 

high costs (Smith & Sheehan, 2018). 

 Electromagnetic sensor systems record the POSE of a sensor relative to an emitted 

electromagnetic dipole field, and, through these, anatomical locations can be identified. 

These systems are limited in their accuracy due to the artifacts that are created by various 

metals in the measurement space (Selbie & Brown, 2018).  In addition to this, they also 

have the disadvantage of requiring case-by-case calibration in order to obtain precise 

analyses, a smaller collection distance (1-3m) and a lower sampling frequency (100-

120Hz) in comparison in other methods (Smith & Sheehan, 2018). 

 Inertial sensor systems measure linear acceleration – through accelerometers – 

angular velocity of the joints – through gyroscopes – and have a global reference frame – 

through the magnetometer. Through the combination of these three devices, this system 

can then perform calculations to determine the POSE, making it possible to perform the 

analysis of the gait (Della Croce et al., 2018).  

 Although this seems to be a very appealing method, due to the fact that it has a longer 

collection distance, being 10-30m in real-time monitoring, and a higher sampling 

frequency (50-200Hz) in comparison with other methods, the three devices are prone to 

interference from magnetic fields generated by other devices, which makes considering 

them for more detailed studies unfeasible due to low precision. The difference from other 

systems is that in this case, the determination of POSE is indirect, hence the need to 

perform the aforementioned calculations (Della Croce et al., 2018; Mobbs et al., 2022). 
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 Optical systems are divided into systems that use active markers and systems that use 

passive markers. In the first automatic motion measurement system, which involved the 

use of active markers, the researchers used a video camera, a computer and a set of active 

markers at specific anatomical locations (Gorton et al., 2009).  

 The most noticeable advantage of this type of system is that, due to the sequential 

activation of markers emitting light, the POSE was already known by the computer and 

the main disadvantage is that the person needs to have power sources or a computer 

attached to them in order to enable the necessary reception of energy for marker 

activation, which inhibits data collection outside the laboratory context and makes the 

data collection a difficult task (Gorton et al., 2009; Robles-García et al., 2015; Stebbins 

et al., 2023).  

 Passive marker systems – which capture movements via optoelectronics – can identify 

POSE due to the use of infrared cameras because, unlike the previous system, these 

markers can reflect light coming from the cameras that shine on them. This allows the 

identification of POSE for subsequent calculation of respective joint positions and angles 

(Buckley et al., 2019). In this kind of system, the marker locations can be detected with 

sub-millimeter precision (Buckley et al., 2019; Topley & Richards, 2020), which also 

increases the precision and accuracy of the result. On the other hand, the need of a 

controlled environment for reliable results, may alter participants' movements because 

they are aware they are being observed, potentially leading to attempts to disguise any 

atypical gait pattern (Gorton et al., 2009; Robles-García et al., 2015), and we also have 

marker occlusions and unwanted reflections, with these being the main limitations of this 

kind of system (Skurowski & Pawlyta, 2022). 

 The systems using sensors and/or markers present issues related to their placement. 

Since this hardware must have exact locations for reading to be done with the least 

possible margin of error, if its placement is not carried out properly, errors that 

compromise the accuracy of the examination may come into sight (Zemp et al., 2014). In 

addition to this, these systems also have the disadvantage that, considering that the bone 

landmark is the point to be analyzed, artifacts from soft tissues can surface, which not 

only generates errors, but also increases the collection time and discomfort of the 

participant (Benoit et al., 2006; Fiorentino et al., 2017). The disadvantages of the non-

invasive motion analysis systems are further summarized in Figure 2.1.2. 
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 Considering that a flaw-free method has not yet been found, attempts have been made 

to opt for less time-consuming methods that are independent of specialized technicians, 

thus giving rise to ML motion capture methods. This methodology uses video images to 

record motion without the need for sensors/markers (Wade et al., 2022). 

 The analysis of gait through ML methods represents a promising approach when there 

is a need for rapid acquisition of motion data in various gait-related contexts. By contrast 

to methods requiring person contours, the latest innovations incorporate artificial 

intelligence to identify subject joint centers, removing the errors related to sensor/marker 

misplacement from the equation (Heitzmann et al., 2022). 

 As expected, this method still has its issues. This system has problems in detecting 

anterior pelvic tilts. This happens due to long trousers and layered clothing. In addition 

to this, in the case of child patients, they may be more prone to changing their gait patterns 

when being on an unusual environment or when being observed (Augustine et al., 2023; 

Heitzmann et al., 2022).  

 

MRI

Limiting capture 
volume of anatomical 

details

High costs 

Electromagnetic sensor 
systems 

Artifacts created by 
various metals in the 
measurement space 

Case-by-case 
calibration

Smaller collection 
distance

Lower sampling 
frequency in 

comparison in other 
methods 

Active markers

The need to have 
power sources or a 

computer attached the 
participant

Passive markers

The need of a 
controlled surronding 

environment 

Inertial sensor 
systems  

Interference from 
magnetic fields 

generated by other 
devices 

Optical Motion Analysis Systems 

Figure 2.1.2 Disadvantages of the non-invasive motion analysis systems mentioned 
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 The estimation of POSE in marker-based (MB) and ML systems is obtained by using 

at least three non-collinear bone landmarks to define the POSE of body segments, which 

is represented by the relationship between a local coordinate system and a global 

coordinate system (Caldwell et al., 2014). 

 Regardless of the system type, either in MB or ML systems, the central positions of 

the joints are estimated through regression approaches based on anthropometric measures 

from medical images, if you want to estimate the central position of the hip joint 

(Harrington et al., 2007) or functional approaches that approximate the center of rotation 

between two elements, if you want to estimate the articular center of the knee or ankle 

joint (Leboucher et al., 2021; Salami et al., 2020).  

 The difference between the systems can be seen in the articular point detection, since 

in passive MB systems these points are detected due to the reflection of infrared light and 

in the ML systems, the location of the joint centers is estimated using a set of training 

images, which is why artificial intelligence mechanisms are used (Kanko et al., 2021).  

 

2.1.1. Clothing Comparison 

 As mentioned above, the clothing worn by the participants during the collection can 

clearly alter the result obtained (Augustine et al., 2023; Heitzmann et al., 2022). The 

clothing used in these studies may vary between a standard version – in which all the 

participants wear the same type of clothing – and a non-standard version – in which the 

participants have greater freedom to choose the clothing they consider most suitable for 

the collections (Horsak et al., 2024; Kanko et al., 2024).  

 In a study where standardization of the clothing type was carried out, most kinematic 

and kinetic results were consistent between systems – MB and ML – being the joint center 

positions, sagittal, frontal and axial plane angles differed by residual angles (Kanko et al., 

2024). 
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  Alternatively, it is also possible to standardize clothing in terms of color, in this case 

black and white clothing with the same type. Although there are differences in every 

calculated parameter – flexion, adduction and abduction, for both hip and knee – the main 

effects of sessions and interactions were not statistically significant for the variables of 

interest, meaning that although there were differences between white and black clothing, 

they were not significant enough to be considered related to the color of clothing 

(Valencia et al., 2023). 

 Regarding the studies in which a) there is no standardization or b) standardization is 

done only to a certain extent, the results show that clothing has a minimal effect on the 

results of ML motion capture in general (Horsak et al., 2024; Keller et al., 2022). 

 In a study where, in one trial, the participants were wearing unrestricted clothing and 

in the other trial they were wearing shorts and gym shirts, despite having lack of control 

of some variables – sleeve length and clothing color – the differences obtained were 

smaller than what was previously stated as the relevant threshold (Keller et al., 2022). 

 In the case of a study in which the participants had an unrestricted clothing trial and 

a minimal clothing trial, it was found that the clothing had minimal effects on the 

kinematics, not constraining movement, where there was only an addition, on average, of 

less than one degree to the Root Mean Squared Difference (RMSD) values for most of 

the variables, but it was also found that the segment lengths showed weak to moderate 

agreement between the clothing conditions, so it can be said that despite not showing 

much difference in the kinematic data, precision is compromised in this type of trial 

(Horsak et al., 2024). 

 It was also possible to observe, in a study conducted with participants with knee 

osteoarthritis, where clothing was not standardized, and all participants were assessed in 

the attire and footwear they chose to wear for each visit – representing a self-selected 

clothing scenario – with the aggravating factor that participant’s choice of clothing and 

footwear varied slightly between visits.  
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 Despite these variations, the study showed that measurements were repeatable 

between sessions, even with varied clothing scenarios. These changes of clothing, 

although might seem a limitation, are what truly represent the real-life scenarios in which, 

sometimes, the clothing standardization can’t be achieved and, therefore, the outcomes 

reported in this study reflect this context (Outerleys et al., 2024). 

 Previous studies have some limitations, mostly regarding the type of movement 

studied, since some of them do not study the gait in particular, meaning they opt for 

jumping or running motion. Besides that, there is not usually a large sample nor a 

representative sample. In spite of the limitations,  the conclusion seems to be similar in 

all of studies – clothing does not seem to have a major effect on the collections carried 

out (Ito et al., 2022; Valencia et al., 2023).  

 It is worth mentioning that the difference in this study compared to the others is the 

age group since, in previous studies, the sample is generally composed of adolescents or 

even adults, meaning that elderly people are rarely included, for whom the gait analysis 

is so important due to the changes that naturally arise with age, as will be reported later. 

 

2.2. Gait Changes due to Aging  

 The gait cycle is divided into two main phases – stance phase, that makes up about 

60% of the movement, and swing phase, that makes up about 40% of the movement. 

Besides this division, gait can also be subdivided into 8 steps – initial contact, loading 

response, mid stance, terminal stance, pre-swing, initial swing, mid swing and terminal 

swing (Stöckel et al., 2015). 

 The gait cycle begins when one foot – per example, the right foot – makes its first 

contact with the ground (initial contact or heel-strike) and ends when the same foot ends 

up touching the ground again. The stance phase occurs when there’s contact with the 

ground, by the heel, toes or the foot overall,  while the swing phase occurs when there’s 

no contact with the ground, while the foot is in motion (Luximon & Zhang, 2006).  
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 The phase that includes most of the movement – the stance phase – starts when the 

foot touches the ground with at the heel (heel-strike), and ends when the foot leaves the 

ground, being the last contact made with toe (toe-off) (Luximon & Zhang, 2006).  

 Regarding the swing phase, this starts when the foot stops having contact with the 

ground and end right when the foot is almost in contact with the ground again, meaning 

that meanwhile, all this portion of the movement happens with the foot off the ground 

(Luximon & Zhang, 2006), as can be seen in Figure 2.2.1. 

  

Figure 2.2.1 Gait cycle phases ((Stöckel et al., 2015))  

  

 With normal aging, certain conditions may arise in the neuromuscular system, 

including changes related to strength and balance (Michalska et al., 2021), which might 

affect gait. These changes can result in a decrease in mobility, which is a significant 

concern as this can affect overall health and, in some cases, even increase the risk of 

mortality (Leivseth et al., 1992). It is also crucial to highlight the possibility of muscle 

atrophy when mobility is practically non-existent (Boyer et al., 2017). As such, movement 

studies are important for understanding these changes, which is why comparative studies 

are usually carried out between young and older adults.  
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 As the level of muscle strength declines with normal aging, there’s an hypothesis that 

state that people unconsciously choose to recruit the hip extensor muscles more (Cofré et 

al., 2011; Franz & Kram, 2014) as a proposed compensation strategy, regarding the 

reduced role of the ankle plantar flexor (Franz, 2016), which may be indicative of a distal 

to proximal shift in muscle function with age (Boyer et al., 2017). However some studies 

report almost no differences at the hip power for the elderly (JudgeRoy et al., 1996; 

Kerrigan et al., 1998). 

Some kinematic parameters – which refer to the angles – of the movement tend to 

change upon aging. Studies show a decrease of hip extension at heel-strike, peak flexion 

and peak extension, having a more pronounced ROM in comparison with younger adults; 

decrease of knee extension at heel-strike and midstance, decrease of knee flexion at peak 

flexion in the swing phase, having a more pronounced ROM in comparison with younger 

adults, as seen in the hip (Boyer et al., 2017). Regarding the ankle, we can see a decrease 

in ankle plantar flexion at toe-off and peak plantar flexion, a decreased dorsiflexion at 

heel-strike and a reduced ROM, in comparison with younger adults (Boyer et al., 2017).  

Regarding gait kinetics – which refer to joint moments and joint power – it can usually 

be seen some reduction in the knee flexion and extension moments, as well as in ankle 

dorsiflexion moment. Besides that,  there can be usually seen an increase in the flexion 

and extension moments of the hip, as well as an increase in the ankle plantar flexion 

moment (Boyer et al., 2017). In the power matter, we can usually observe an increase of 

hip power generation and a decrease in knee and ankle power generation (Boyer et al., 

2017). 

Concerning the spatiotemporal parameters, later studies have shown that with normal 

aging comes a decline in the velocity, cadence, step length and stride length (Chung et 

al., 2023; Kowalski et al., 2022). 

 In short, in terms of  gait kinematics, the most significant changes are in the joint 

angles of lower limbs – a decrease in hip extension and a greater ROM in comparison 

with younger adults; a decrease of knee extension at heel-strike and a greater ROM in 

comparison with younger people; a reduced ankle dorsiflexion at heel-strike and a 

reduced ROM in comparison with younger adults.  
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Regarding gait kinetics, the most significant changes are in the joint moments of force 

– an increase in hip extension and flexion moments and in hip power generation; a 

decrease of knee extension and flexion moments and in knee power generation; a decrease 

of ankle dorsiflexion moments and in ankle power generation, and an increase of ankle 

plantar flexion moment, with this being the most important peak of elderly people gait, 

since this is directly related to the force used for propulsion, which is the mechanism that 

allows the body to move forward during walking. These changes are summarized in 

Figure 2.2.1.  

 

 

Figure 2.2.2 Most common gait changes that occur upon healthy aging. 

 

The changes previously mentioned and summarized in Figure 2.2.2 above appear 

throughout the stance phase, since this is the one most related to the preparation of the 

limb for the next contact with the ground (Pranke et al., 2006). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Kinematics

↓ Hip extension and ↑ hip ROM

↓ Knee extension at heel-strike and ↑ knee ROM

↓ Ankle dorsiflexion at heel strike-flexion and ↓ ankle ROM 

Kinetics

↑ Hip extension and flexion moments; ↑ Hip power generation

↓ Knee extension and flexion moments; ↓ knee power generation

↓ Ankle dorsiflexion moments; ↓ Ankle power generation

↑ Ankle plantar flexion moment
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3. Methodology  

3.1. Study Design and Sample 

 For this observational study with a cross-sectional design, a convenience sample of 

30 active and healthy elderly people who met the following inclusion criteria, which was 

based on previous similar studies, were recruited: 

• 65 years or older; 

• Living independently; 

• Being able to speak and read European Portuguese; 

• Being able to answer the questionnaires; 

• Being able to walk 100 meters independently, without the need of walking aids. 

Active elderly people who met the following exclusion criteria were excluded: 

• Report a diagnosis of any cardiac, pulmonary, musculoskeletal or neurological 

condition and/or mental illness that may affect the ability to walk; 

• Taking any medication that affects the ability to walk. 

• Having any pain or other symptoms in the lower limb that affects the ability to 

walk; 

• Having any cognitive impairment (Montreal Cognitive Assessment (MoCA) score 

< 23); 

• Being obese (Body Mass Index (BMI) >30 Kg/m2). 

After agreeing to take part in the study, the volunteer participants from the community 

associated with the Lisbon Living+ program, whose objective is to establish, promote, 

coordinate, and implement a program of activities in the Health field, focusing on the 

promotion of healthy living and active aging, filled in a free, informed, and explicit 

consent form (Appendix I), which contained general information about the study, as well 

as who would have access to the data, how it would be processed, the duration of 

participation, the benefits and risks of participation, how confidentiality would be 

handled, among other equally important information. The Faculty Ethics Committee 

(CEIFMH nº1/2022) approved this study. 
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3.2.  Data Collection Procedures  

 Data collection involved participants to fill an eligibility questionnaire (Appendix II) 

and then they were applied the Portuguese version of the MoCA (Freitas et al., 2013) 

(Appendix III), by a certified assessor. The participants who met all the criteria were 

then invited to the data collection. 

 The eligibility questionnaire (Appendix II) included the collection of 

sociodemographic information, such as age, nationality, place of birth, educational 

qualifications, weight and height, whether the participant used any walking aid (walker, 

cane) or had any prosthetics in the lower limb joints, the presence of recent pathologies 

in the lower limbs, the presence of pain, and, finally, the existence of clinical conditions 

that could affect gait or balance (Parkinson’s disease, multiple sclerosis, epilepsy, 

rheumatoid arthritis, fractures in the lower limbs, etc.). Regarding the MoCA (Appendix 

III), data was collected on visuospatial/executive ability, naming, memory, attention, 

language, abstraction, delayed recall, and orientation. In Figure 3.2.1, we have an excerpt 

of the aforementioned questionnaire. 

 

 

     

 

  

  

 

 

 

 

 

 

 

Figure 3.2.1 Excerpt of the MoCA (Adapted from (Freitas et al., 2013)) 
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Once in the laboratory, the researcher checked if the participants had changed their 

demographic data or if any new events had occurred that influenced their health since 

completing the first questionnaire. Once everything was checked, the participants then 

filled in three more questionnaires: 

• A characterization questionnaire (Appendix IV) which complemented the 

information obtained from the eligibility questionnaire (Appendix II); 

• The Composite Physical Function Scale (CPF), adapted for European Portuguese 

(Moniz-Pereira et al., 2023)(Appendix V); 

• The EQ5D-3L questionnaire, adapted for European Portuguese (Ferreira et al., 

2013)(Appendix VI).  

The characterization questionnaire (Appendix IV) was used to collect data regarding 

residence, professional status, health data related to gait pathologies (tripping, slipping, 

losing balance, etc.), the frequency of falls associated with these problems, the presence 

of pain, and, finally, the performance of physical exercise in the last 3 months, including 

its duration, frequency, and whether it was medically prescribed or not.   

 Regarding the CPF (Appendix V), it aimed to assess the participants’ ability to 

perform daily tasks on a scale from 0 to 2, where zero corresponded to “cannot perform” 

and 2 corresponded to “can perform without assistance”. Tasks such as basic personal 

needs, walking outdoors, light and heavy household chores, climbing and descending 

stairs, carrying light and heavy loads, among others, were assessed.  

 Finally, the EQ5D-3L questionnaire (Appendix VI) aimed to evaluate the 

participant’s health condition on the day through a quantitative and qualitative description 

of mobility, self-care, usual activities, pain/discomfort, and anxiety/depression. 

Additionally, in the EQ5D-3L, there was a scale allowing the participants to rate their 

health from 0 to 100, where zero meant “the worst health imaginable” and one hundred 

meant “the best health imaginable" (Figure 3.2.2). It is important to emphasize that, 

indirectly, some of these questionnaires were also part of the exclusion criteria, because 

if a participant stated having pain or discomfort that could compromise their gait, the data 

gathered from this participant could not be considered for the study. 
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 After that, the participants performed the Timed Up & Go Test, which required the 

participant to get up from a chair, walk 3 meters, go around a cone and return to the chair 

at a pace that was comfortable for them (Figure 3.2.3). After completing the 

questionnaires and conducting the Timed Up & Go Test, the participants' mass and height 

were measured by the research team, to confirm what was stated previously in the 

questionnaires. 

 

 

 

 

 

 

Figure 3.2.3 Timed Up & Go scheme (Martín-Díaz et al., 2023). 

  

 The participants walked along the laboratory twice in the same session: one with 

minimal clothing – MC – specifically lycra shorts and a sports t-shirt, and one with self-

selected clothing – SSC –  where the only clothing standardization was in the shoes, that 

had to be sports type. In the MC scenario, both MB and ML systems were used, whereas 

in the SSC scenario, only the ML system was used for data collection purposes. For the 

matter of the present study, only the data retrieved from the ML system was considered. 

  

100    95     90    85      80     75      70     65     60     55      50     45     40     35     30      25     20     15     10       5        0 

Figure 3.2.2 Excerpt of the EQ5D-3L (Adapted from (Ferreira et al., 2013)) 

3 meters 
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 To better understand the lack of standardization, besides the shoe type imposed on the 

participants, it is important to see Figure 3.2.4. It is also important to emphasize that both 

trials were conducted randomly; that is, for some participants, the first trial was performed 

under the MC condition and the second trial was performed under the SSC condition, 

while for others, the first trial was conducted under the SSC condition and the second trial 

was performed under the MC condition, mainly in order to reduce the bias, to have 

homogeneity of the groups and also to achieve generalization of the results (Lim & In, 

2019). 

 

Figure 3.2.4 SSC condition and the participants chosen attire (Carvalho et al., 2024). 

  

 To collect markerless gait kinematics, the Qualisys Track Manager (v2021.03.1 

Qualisys AB, Gothenburg, Sweden) was used with 8 Miqus cameras (Qualisys, SE) and 

synchronized with kinetic data, which was collected using 3 force plates (9283U014, 

Kistler Instruments Ltd, Winterthur, Switzerland; FP4060-07&FP4060-05-PT, BERTEC, 

Columbus OH, USA). 

 Kinematic data was collected at a sampling frequency of 85Hz, and kinetic data was 

collected at a sampling frequency of 850Hz. The participant was instructed to walk back 

and forth in a walkway of 12m long at their desired and comfortable speed. Only cycles 

in which both feet had stepped fully on  the force platforms were considered. 
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 Overall, around twenty cycles per participant were deemed valid, but only eight gait 

cycles were considered, as reliability seems to stabilize at eight cycles, and only the right-

side joints – right hip, right knee and right ankle – were considered (Carvalho et al., 2024), 

since there is an assumption of symmetry between the right and left sides in healthy 

people and also because there is a convention of using the right side in many 

biomechanical previous studies (Wu & Wu, 2015).  

 Below, in Figure 3.2.5, it is possible to see the force platforms on which the 

participants had to walk, numbered from one to three, the reference used for the 

calibration of the MB and ML data collections and 2 of the 8 Miqus cameras (Qualisys, 

SE) set up for this data collection. 

 

Figure 3.2.5 Force Platforms and some Miqus cameras (Qualisys, SE) of the Biomechanics and Functional 

Morphology Laboratory, Faculdade de Motricidade Humana. 

 

The entire data collection procedure is outlined and summarized in Figure 3.2.6. It is 

important to emphasize that only the MoCA questionnaire was administered by an 

assessor, due to the need for scoring, particularly because this is one of the exclusion 

criteria (MoCA score < 23). 

 

1 

2 

3 
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Figure 3.2.6 Data collection procedures. 

 

 

3.3.  Data Treatment Procedures 

The most common filter used in movement analysis is Butterworth filter, particularly 

a 4th order low-pass filter (Erer, 2007; Yu et al., 1999). To determine the filter cut off 

frequency (CoF), residual analysis (Winter, 2009) was implemented through an algorithm  

developed using Python in Visual Studio Code (v1.95.1) (Appendix VII). 

 This algorithm allows the dynamic file selection, cleaning and processing the data, 

calculating the optimal CoF based on Winter's residual analysis (Winter, 2009), filtering 

the data according to this CoF, which allows the removal of noise without removing 

relevant data, and, finally, saving the filtered data in a new file, thus preserving the raw 

data for possible error purposes. It's important to emphasize that this algorithm was only 

used to find the optimal CoF, meaning that only the code presented in Figure 3.3.1 was 

in fact used for this matter, even though the other previously mentioned functionalities 

were also available. 

Using this algorithm, CoF in the range of 6-8Hz were obtained, since there were small 

variations between participants. After testing the 6-8Hz range, an optimal CoF of 8Hz 

was considered, as it was the one that removed the most noise without largely affecting 

the signal. This CoF was applied in Theia (Markerless Inc, CA, v2023,1,0,310) using a 

Woltring generalized cross-validity quintic-spline (GVCSPL) filter, while determining 

the POSE through Inverse Kinematics 3D pose-estimation with 6 DOF at the pelvis and 

3 DOF at the hip, knee and ankle joints.  
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Also, in Theia (Markerless Inc, CA, v2023,1,0,310), there was the need to use a 

model, specifically one of the existing. The model used was the Full Body Model that 

basically consisted of one whole-body kinematic chain, where abdomen and neck 

segments were included (some of the pre-defined models do not present these) and head 

that allowed 3 DOF.  

After calculating the model POSE, this file was exported to a .c3d file, which contains 

the 4x4 POSE matrices for each model segment and the local coordinates of the 

anatomical landmarks of the distal segments of the model (feet, hands, head). All the 

general segments – pelvis, abdomen, torso, neck and head – had a parent, an origin and a 

specific joint and all the segments that appeared in the left and right – right and left upper 

arm, per example – had, besides the parent, origin and specific joint, proximal and distal 

parameters. 

 Per example, when considering the torso, we had abdomen as the parent, base of the 

neck as the origin and the joint as three rotational DOF and one translational DOF; when 

considering the right upper arm, we had torso as the parent, right shoulder as the origin, 

the joint as a free joint (6 DOF), the right shoulder as the proximal and the right elbow as 

the distal. In this case, it is important to notice that only the lower limb and the trunk were 

considered. 

Figure 3.3.1 Code used to find the optimal CoF within the data obtained. 
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Later, the previously obtained CoF was applied through a Butterworth filter in kinetic 

data in Visual3D (HAS-Motion Inc., Kingston, ON). Already during the use of Visual3D, 

some changes were made to basic human metrics – Mass and Height – while already 

using the model. 

After adjusting the variable parameters, it was necessary to use distinct pipelines that 

allowed merging the force data for each file, modifying the force platforms parameters, 

performing auto-zero and analog data filtering with the previously calculated cutoff 

frequency (Kristianslund et al., 2012), creating the automatic gait events, performing the 

calculations of the kinetic, kinematic and spatiotemporal variables, creating graphs that 

allowed the observation of the behavior of each joint – hip, knee, and ankle – throughout 

the gait cycle. Gait cycle events (Foot-on and foot-off) were determined using force plate 

signals with a threshold of 20N. 

Lower limb joint angles were calculated using a XYZ Cardan sequence and ZYX for 

pelvis segment angle in Visual 3D. The lower limbs are generally analyzed using the XYZ 

Cardan sequence because this sequence tends to represent the typical order of joint 

rotations in gait: flexion/extension (X-axis), abduction/adduction (Y-axis), and 

internal/external rotation (Z-axis).  

The ZYX Cardan sequence (Rotation, Obliquity, Tilt) is preferred for the pelvis 

because it more accurately reflects the anatomical movements of the pelvis that are 

important in GA: rotation (about the vertical axis), obliquity (tilting side-to-side), and tilt 

(forward/backward), especially in cases where both tilt and rotation are significant, since 

movements like obliquity and tilt can be isolated and better understood (Baker, 2001).  

Internal joint moments were determined through Newton-Euler inverse dynamics, 

normalized to subjects’ body mass, and computed relative to the proximal segment. 

(Carvalho et al., 2024; Inai & Takabayashi, 2023). 

Traditionally, in forward dynamics, given a set of initial conditions and a set of forces 

as inputs, the goal is to predict motion over time. In biomechanics, the process often 

occurs in reverse. Instead of predicting motion from forces, the motion can be measured, 

using, for example, motion capture systems, and then the forces and moments that caused 

the observed motion are calculated.  
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This process is called inverse dynamics and generally uses the Newton-Euler method, 

which applies the laws of motion (Newton's second law for translation and Euler’s 

equations for rotation) to rigid body segments (Robertson, E. Caldwell, et al., 2014).  

The entire data treatment procedure is outlined and summarized in Figure 3.3.2. 

Everything not included in the brackets of Visual Studio Code and Theia was performed 

in Visual3D. 

 

 

 

 

 

 

 

 

3.4. Data Analysis Procedures 

The data analysis was conducted using Excel, both for graph creation and 

calculations. In terms of graphs, plots were created to assess the influence of clothing 

based on the overlapping or lack of it in the representative curves of the trajectories for 

the two clothing scenarios. Average values were considered for the making of the curves, 

and the standard deviations were considered to create a shaded area to identify where 

greater variability in the data occurred, particularly assessing whether the phase of the 

gait cycle had an influence, so graphs obtained by combination of the mean values of each 

clothing condition and associated standard deviation (SD) values were computed. 

Additionally, point-by-point difference graphs were created by subtracting one 

condition from the other, with MC used as the reference. This choice was based on the 

assumption that MC shares the same clothing characteristics as the reference non-invasive 

method – MB analysis. Thus, the calculations for these graphs were performed using MC 

- SSC. 

Development of an
algorithm in Python

Woltring filter + 
POSE Determination

Model definition Butterworth filter

Definition of height 
+ weight

Pipelines applicationAngles calculations
Moments 

calculations

Visual Studio Code Theia 

 

Figure 3.3.2 Data treatment procedures. 
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This method allows us to determine a difference value between all curves regarding 

the clothing condition. Based on previous studies (Carvalho et al., 2024; Kanko et al., 

2024),  values lower than <5° for kinematics and lower than ≤5% for kinetics were 

considered as acceptable. 5º was used as a direct form of measurement because of the 

study carried out by McGinley et al. (McGinley et al., 2009). 5% was used as an indirect 

form of measurement – relative comparison – and, although this value is not included in 

many studies, 5% is a minor error in 100%, but another value could have been used, but 

if so there would be no way of comparison. 

Regarding calculations, in addition to the averages and standard deviations used to 

generate the aforementioned graphs, the RMSD were also computed. This parameter 

indicates how discrepant the data are, with values closer to zero being better. Moreover, 

the relative differences obtained in the angles and in the moments in sagittal, frontal and 

axial planes, were calculated to better understand the influence of the chosen attire on 

these parameters. These analyses allowed for the identification of whether one condition 

prevailed over the other. The evaluation of the results is summarized in Figure 3.4.1.  

 

 

 

 

 

 

 

 

 

 

Figure 3.4.1 Data analysis procedures. 
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RMSD were computed for each participant using Equation 3.4.1 and the mean was 

calculated and considered to do the comparison between joints, axis and clothing 

conditions. 

Equation 3.4.1 Root Mean Squared Difference 

𝑅𝑀𝑆𝐷 = √
∑ (𝑥𝑀𝐶𝑖

−  𝑥𝑆𝑆𝐶𝑖
)2𝑁

𝑖=1

𝑁
 

Where 𝑥𝑀𝐶𝑖
 is the value of each parameter in the MC condition at time point i in the 

gait cycle for a specific individual, 𝑥𝑆𝑆𝐶𝑖
 is the value of each parameter in the SSC 

condition at time point i in the gait cycle for a specific individual and N is the total time 

points of a cycle.  

To simplify, assuming the hip angle of participant X is under analysis, 𝑥𝑀𝐶𝑖
 is the 

angle made by the hip in the time point i regarding the clothing condition MC for 

participant X, 𝑥𝑆𝑆𝐶𝑖
 is the angle made by the hip in the time point i for participant X 

regarding the clothing condition SSC and N is the number of frames, in this case 100, 

processed in a gait cycle. 

 It's important to mention that the moments amplitude was used only to calculate the 

relative error values and also that the moment peaks were considered for the kinetic 

analysis. 

The anatomical planes considered as reference for the present study are represented 

in Figure 3.4.2, as seen below. In the sagittal plane we can see flexions, extensions, 

dorsiflexion and plantarflexion; in the frontal plane we can see abductions and adductions 

and, in the axial plane we can see internal and external rotation. 
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Figure 3.4.2 Anatomical planes considered (Adapted from (Adistambha et al., 2012)) 

Flexions, adductions, internal rotations and dorsiflexion were considered movements 

with a positive value. Extensions, abductions, external rotations and plantar flexions as 

movements with a negative value. 
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4. Results  

4.1. Kinematic Analysis 

Participants had a mean age of 75.2 ± 7.7 years, mean height of 164 ± 9.12cm and 

mean mass of 67.3 ± 8.9Kg. Sixteen of them were males and fourteen were females. Joint 

angle patterns were similar between clothing conditions, with the exception of the hip 

angle in the frontal plane, where a lower overlap between curves can be seen (Figure 

4.1.1).  

 

Figure 4.1.1 Gait cycle waveforms for the right hip, knee, and ankle angles in the sagittal (X), frontal (Y), and axial 

(Z) planes for all subjects (n = 30) between clothing conditions. Solid lines represent the mean waveform. SSC is 

blue, MC is red, the difference between conditions is green. Shaded areas represent SD from the mean. Total RMSD 

values across all subjects for each joint component are represented within corresponding plots. Abbreviations: flx, 

flexion; ext, extension; ad, adduction; abd, abduction;  int rot, internal rotation; ext rot, external rotation; df, 

dorsiflexion; pf, plantar flexion 
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When it comes to the point-by-point differences, which are displayed in the green 

portion of Figure 4.1.1, while the green line represents the average difference between 

both conditions, the shadow area displays the associated error, calculated through the SD. 

The differences are mostly below 5° across all planes of motion, with the sagittal plane 

angles showing the largest absolute differences, particularly in the hip and knee joints.  

In the sagittal plane, the hip joint angle had the highest RMSD value (3.7º), followed 

by the knee angle (3.2º), and finally the ankle angle (1.9º). In the frontal plane, the hip 

joint angle had the highest RMSD value (3.0º), followed by both the knee and ankle 

angles, which had the same RMSD value (1.6º). Finally, in the axial plane, the knee angle 

had the highest RMSD (3.1º), followed by the hip angle (2.7º) and the ankle angle (2.4º). 

Regarding the ROM, small differences were also seen between both clothing 

conditions, with a maximum absolute difference of -2.5º. The absolute differences 

between both clothing scenarios were in the range of [-2.5; 1.8]º and the relative 

differences were in the range of [-22.0; 15.7]%. The results obtained are furthermore 

shown in Table 4.1.1. 

 

Table 4.1.1 ROM across all planes and all joints. Abbreviations: 𝑋̅ – Mean; SD – Standard Deviation; MC – 

Minimal Clothing; SSC – Self-Selected Clothing. 

JOINT PLANE 

CLOTHING CONDITION DIFFERENCES 
RELATIVE 

DIFFERENCES 
MC SSC MC - SSC 

𝑋̅ SD 𝑋̅ SD 𝑋̅ 

HIP 

SAGITTAL 47.0 4.0 47.5 4.6 -0.6 -1.2% 

FRONTAL 11.5 2.8 9.7 4.0 1.8 15.7% 

AXIAL 8.5 2.4 7.9 2.5 0.6 7.2% 

KNEE 

SAGITTAL 62.7 3.0 62.3 3.7 0.5 0.8% 

FRONTAL 4.6 1.7 5.6 1.7 -1.0 -22.0% 

AXIAL 7.3 3.7 8.3 2.2 -1.0 -13.1% 

ANKLE 

SAGITTAL 28.0 3.8 30.6 4.3 -2.5 -8.9% 

FRONTAL 6.7 1.9 8.0 2.0 -1.3 -19.2% 

AXIAL 14.7 3.2 16.7 2.8 -2.0 -13.8% 

 

In the case of the relative comparison between the hip joint angle in the sagittal and 

frontal planes, although the RMSD values are similar, having only a difference of 0,6º in 

absolute value of the correspondent RMSD values, relative differences in ROM of -1.2% 

and 15.7%, respectively, are noted.  
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The same can be observed when comparing the hip joint angle in the frontal and axial 

planes, where, despite an absolute difference of only 0.3º, relative differences in ROM of 

15.7% in the frontal plane and 7.2% in the axial plane, can be observed. 

Regarding the knee joint angle, when observing sagittal and axial planes, despite an 

absolute difference of only 0.6º, relative differences in ROM of 0.8% and -13.1%, 

respectively, are noted. 

Finally, regarding the ankle joint angle, particularly in the comparison between the 

sagittal and frontal planes, there is an absolute difference of 0.3º and relative differences 

in ROM of -8.9% for the sagittal plane and -19.2% for the frontal plane. 

Still regarding the relative differences, the joint and plane that appear to be most 

problematic, presenting a greater value of relative difference, is the knee joint angle in 

the frontal plane. 

Based on the results of ROM in this kinematic analysis, it appears that the clothing 

conditions do not seem to influence the results, meaning that has a minimal impact on 

gait kinematics in elderly participants, as absolute differences were below 5º for all 

variables. It is important to note, however, that these absolute differences have a higher 

impact, i.e., relative differences are superior, in frontal and axial planes of motion. 

As can be confirmed through Figure 4.1.1, the overlap of the trajectories in the frontal 

and axial plane is less noticeable compared to the overlap observed in the sagittal plane. 

Furthermore, it is also possible to note that the graphs showing a higher RMSD value – 

hip in both frontal and axial planes and knee in the axial plane, with RMSD values of 

3.0º, 2.7º and 3.1º, respectively – are also the ones with the weaker overlap, establishing 

a direct correspondence for these particular cases.  

Besides this, it is also possible to see, in those cases previously stated as the ones more 

problematic, a more heterogeneous differences graph. The RMSD value of the ankle in 

the axial plane is 2.4º and the RMSD value of the ankle in the sagittal plane is 1.9º, 

meaning that it is not correct to assume in this case that all sagittal plane holds the higher 

RMSD values. Hence, after observing the graph of the trajectory of every subject, it was 

found that subject 017 had axial plane ankle angle waveform graphs that appeared 

different when comparing the two clothing scenarios (Figure 4.1.2).  
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Figure 4.1.2 Subject 017’s axial plane ankle angle waveform graphs. Abbreviations: SSC, Self-selected Clothing; 

MC, Minimal Clothing; df, dorsiflexion; pf, plantar flexion. 

 

All these particularities are going to be further discussed in the next chapter, as well 

as the next analysis regarding the kinetic data. 

 

4.2. Kinetic Analysis 

Joint moment patterns for the hip, knee, and ankle were consistent between clothing 

conditions. In the sagittal plane, the moments recorded was 0.11Nm/Kg, 0.07Nm/Kg and 

0.05Nm/Kg, for the hip, knee and ankle, respectively. Similarly, in the frontal plane, the 

moments were 0.08Nm/Kg, 0.06Nm/Kg and 0.03Nm/Kg, for the hip, knee and ankle. 

Lastly, in the axial plane, the moments were 0.03Nm/Kg for the hip and 0.02Nm/Kg for 

both knee and ankle.  

When it comes to the point-by-point differences, which are displayed in the green 

portion of Figure 4.2.1, the differences are relatively small across all axes and the hip 

joint is the one presenting larger difference, in the range of [0.05; 0.15] Nm/Kg, across 

planes. Besides that, small differences between both clothing conditions were also seen, 

with a maximum absolute difference of -0.13Nm/Kg. The absolute differences between 

both clothing scenarios were in the range of [-0.13; -0.01]Nm/Kg and the relative 

differences were in the range of [-15.1; -0.7]% (Appendix VIII). 
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Figure 4.2.1 Gait cycle waveforms for the right hip, knee, and ankle moments in the sagittal (X), frontal (Y), and 

axial (Z) planes for all subjects (n = 30) between clothing conditions. Solid lines represent the mean waveform. SSC 

is blue, MC is red, the difference between conditions is green. Shaded areas represent SD from the mean. Total 

RMSD values across all subjects for each joint component are represented within corresponding plots. 

Abbreviations: flx, flexion; ext, extension; ad, adduction; abd, abduction;  int rot, internal rotation; ext rot, external 

rotation; df, dorsiflexion; pf, plantar flexion 

 

 

 

After the first results were obtained, there was the need to calculate the peaks 

associated with each joint and each plane, particularly the hip and ankle minimum and  

maximum peaks in the sagittal plane. The aforementioned peaks observed in the MC and 

SSC conditions are described in Table 4.2.1. 
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Table 4.2.1 Hip, knee and ankle maximum and minimum peak moments in the sagittal plane. Abbreviations:  

𝑋̅ – Mean; SD – Standard Deviation; MC – Minimal Clothing; SSC – Self-Selected Clothing 

JOINT LIMITS 

CLOTHING CONDITION 
MC - SSC RELATIVE 

 DIFFERENCES 
MC SSC 

𝑋̅ SD 𝑋̅ SD 𝑋̅ 

HIP 
MÁX 0,70 0,15 0,73 0,13 -0,03 -4,02% 

MIN -0,73 0,14 -0,74 0,12 0,01 -1,79% 

KNEE 
MÁX 0,41 0,09 0,45 0,09 -0,05 -11,66% 

MIN -0,54 0,18 -0,50 0,14 -0,04 7,64% 

ANKLE 
MÁX 0,22 0,07 0,24 0,05 -0,01 -5,25% 

MIN -1,30 0,12 -1,30 0,14 0,00 -0,05% 

 

The maximum amplitudes of the aforementioned peaks were 0.70 ± 0.15Nm/Kg and 

0.73 ± 0.13Nm/Kg, for the peak hip flexion moment, for the conditions MC and SSC, 

respectively; 0.41 ± 0.09Nm/Kg and 0.45 ± 0.09Nm/Kg, for the peak knee flexion 

moment, for the conditions MC and SSC, respectively; 0.22 ± 0.07Nm/Kg and 0.24 ± 

0.05Nm/Kg, for the peak ankle dorsiflexion moment, for the conditions MC and SSC, 

respectively. 

Regarding the minimum amplitudes, the results obtained were -0.73 ± 0.14Nm/Kg 

and -0.74 ± 0.12Nm/Kg, for the peak hip extension moment, for the conditions MC and 

SSC, respectively; -0.54 ± 0.18Nm/Kg and -0.50 ± 0.14Nm/Kg, for the peak knee 

extension moment, for the conditions MC and SSC, respectively; lastly, -1.30 ± 

0.12Nm/Kg and -1.30 ± 0.14Nm/Kg, for the peak ankle plantarflexion moment, for the 

conditions MC and SSC, respectively. As it can be seen, the relative differences between 

the peaks observed in the MC condition and the SSC condition were minimal, differing 

by [-11.66; 7.64]%. These results are going to be further discussed. 

Regarding the relative differences, although this haven’t had has much discussion as 

in the previous case, the joint and plane that appear to be most problematic, presenting a 

greater value of relative difference, is the knee joint moment in the frontal plane. 

As the peak of the plantar flexion moment of the ankle is so important for the elderly, 

as previously mentioned and as will be discussed later, we tried to understand whether 

clothing had any interference in this parameter, which was not demonstrated, as it can be 

seen in Figure 4.2.2. 
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Figure 4.2.2 Peak of the plantar flexion moment of the ankle waveform graph. Abbreviations: SSC, Self-selected 

Clothing; MC, Minimal Clothing; df, dorsiflexion; pf, plantar flexion. 

 

Based on the results of this kinetic analysis, the attire conditions do not seem to 

influence the results, meaning that it has a minimal impact on gait kinetics in elderly 

participants, although relative differences in frontal and axial planes may surpass 5%. 
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5. Discussion 

In this study, the influence of clothing on the gait of healthy older individuals was 

analyzed by comparing lower limb kinematics and kinetics across two conditions:  

minimal clothing – MC – and self-selected clothing – SSC. It was observed that there was 

a minimal difference in the results obtained in the comparison between the clothing 

conditions when studying both kinematics and kinetics. The differences seen were not 

considered relevant, especially for the most important parameters, when analyzing gait in 

healthy older adults – lower limb angles and moments. 

 

5.1. Kinematic Analysis 

The results obtained agree with previous investigations which report low 

discrepancies when working with MLGA, even when there are changes in the clothing 

scenarios between trials (Keller et al., 2022). It was possible to observe almost no 

differences across the axes – x, y, and z – and in the three joints studied – hip, knee and 

ankle. 

The graphs that  display the trajectory obtained from the kinematic analysis appear to 

follow the same path both between individuals and point-by-point, suggesting that the 

average values are representative of the sample, as seen in previous studies (Winner et 

al., 2023) (Figure 4.1.1), meaning that there doesn’t seem like there is any outlier 

regarding the lower limb joint angles. Concerning the point-by-point differences, the 

sagittal plane is the one presenting the largest absolute differences (± 5°) across the gait 

cycle, particularly in the hip and knee joints (Zhai et al., 2023).  

The RMSD values are low, indicating the overall low deviation between the clothing 

conditions. This means that clothing does not seem to have a much noticeable effect on 

the gait parameters, particularly in the kinematics of the movement. It is important to 

notice that although the higher RMSD value is usually associated with the sagittal plane, 

as seen in previous studies (Y. Liang et al., 2022; Zhai et al., 2023), did not demonstrate 

to be the case for all the parameters in this study. 
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The RMSD value of the ankle in the axial plane showed a residual higher value than 

the RMSD of the ankle in the sagittal plane, thus not allowing the assumption that RMSD 

is higher for all joints in the sagittal plane, as previously seen in the literature (Keller et 

al., 2022). Although this is not entirely out of what was seen in the literature, when trying 

to understand what could have induced this variability, it was noticed that subject 17 

presented different curve patterns for the two clothing conditions (Figure 4.1.2) with the 

curve closer to expected being the blue curve – related to the MC condition – which may 

have led to greater standard deviations and consequently greater relative difference 

values. This may have been caused by a calculation error or an event that occurred in one 

of the trials, where the participant could have accidentally changed their gait pattern 

slightly, which is why it would be important to particularly study this participant's gait 

cycles again (Ludwig et al., 2016). 

Speaking of relative differences, the plane and joint that demonstrated the greatest 

parameters were the knee in the frontal plane, as seen in the literature (Byrnes et al., 

2022). This can be explained by the fact that the knee, especially in the frontal plane, 

plays a crucial role in distribution of forces and stability during gait, which is why there 

will always be small nuances from individual to individual (Kumar et al., 2013). 

Furthermore, the knee has smaller amplitude movements in the frontal plane, so any 

change causes a high relative difference. This can be explained by the fact that the 

ligaments and hinge joint restrict movements in the frontal plane (Santos & Oliveira Neto, 

2023). 

As previously stated, the overlap of the trajectories is less noticeable in the frontal and 

axial planes when compared to the overlap observed in the sagittal plane, as seen in the 

literature (Stenum et al., 2024). This could possibly be explained due to the fact that, even 

though they might have similar differences, since the amplitude is larger, the same 

difference in degrees in the sagittal plane has much less impact than in the other planes.  

Besides that, it is also possible to see around the same values of RMSD for the hip in 

both frontal and axial planes and knee in the axial plane (Keller et al., 2022), possibly 

meaning that these values of a greater deviation are aligned with the less significant 

overlap, as well as the point-by-point differences graph, meaning that these had a higher 

variability of values across subjects.  
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Regarding the ROM, the results show that clothing, which could be considered as a 

limiting factor (Gao et al., 2022; Rahmatalla et al., 2005), did not seem to be one in this 

case. In this study, the differences obtained were not considered  significant since the 

absolute differences followed what was seen in the literature (McGinley et al., 2009), as 

well as the relative differences (Wade et al., 2022). It is important to highlight that that 

observing a zero value only indicates that the subject is closer to the reference anatomical 

position (Oberg et al., 1994). 

Although all the differences are below the threshold observed in the literature, an 

overall analysis must be conducted. That is, it is important to note that, even though the 

highest RMSD absolute values were in the sagittal plane for the most parameters, it is 

also in this plane where the greatest overlapping is observed and where the relative ROM 

differences are lower. 

The planes with the least overlapping are the frontal and axial planes, and in these, 

higher relative differences are observed. This may be related, on one hand, to the higher 

amplitude in the sagittal plane (Y. Liang et al., 2022; Zhai et al., 2023), but on the other 

hand, the differences in the trajectories are more pronounced in the planes with greater 

relative differences, meaning that the differences in the trajectories in the frontal and axial 

planes align with the relative difference values. 

In summary, the joint angles observed are similar to those expected for the task and 

population under study, particularly in the elderly population, according to what is 

observed in the literature (Saga & Saga, 2024). 
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5.2. Kinetic Analysis 

Regarding the graphs obtained from the kinetic analysis, minimal differences were 

observed both between individuals and point-by-point, suggesting that the average values 

are representative of the sample (Winner et al., 2023)(Figure 4.2.1), meaning that there 

doesn’t seem like there is any outlier regarding the moment values of lower limb joint 

moments. The curves for the SSC and the MC conditions appear to follow the same 

trajectory, which seems to indicate similar movement patterns during the gait cycle, as 

seen in previous studies (S. Liang et al., 2022). 

As for the differences seen in the moments, it was observed that the amplitude of joint 

moments is generally higher in the sagittal plane for all lower limb joints, which is 

expected, as this direction corresponds to the movements of flexion/extension, the main 

movements observed during the GA (Lugade et al., 2011), which might be the main 

reason why, proportionally, the relative differences are smaller for this plane compared 

to the others (Scataglini et al., 2024). 

 When analyzing moments in the frontal and axial planes, it is important to understand 

that observing a zero value indicates the absence of force moment (Camomilla et al., 

2017). Thus, when identifying lower moments, we may be observing minor lateral or 

rotational variations (Schache & Baker, 2007), which might contribute less to the 

movement, particularly in the gait. 

Point-by-point differences graph shows that the absolute differences are relatively 

small across all planes. The hip joint moment is the one presenting the largest difference, 

followed by the knee moment, and lastly, the ankle moment, and these results follow what 

was seen in the literature (Scataglini et al., 2024), which again might be related to the 

traditionally observed gait movement of flexion and extension.  

The RMSD values are also quite small, meaning that clothing does not seem to have 

a much noticeable effect on the gait parameters, particularly in the kinetics of the 

movement. It is also important to notice that the higher RMSD value is associated with 

the sagittal plane, particularly to the hip joint moment and knee joint moment, being 

higher in the hip joint moment, what can also be seen in the literature (Flood et al., 2023). 
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Consistency in both clothing conditions was seen. Both absolute and relative 

differences between clothing scenarios followed what was seen in literature (S. Liang et 

al., 2022). Based on the results of this kinetic analysis, it also appears that clothing does 

not seem to influence the results, meaning that it has a minimal impact on gait kinetics in 

active elderly participants, although some relative differences in frontal and axial planes 

may surpass 5% (Carvalho et al., 2024). 

Considering that the absolute differences are low, and the relative differences are 

high, being the highest in the knee joint moment in the frontal plane, it was necessary to 

observe at which point in the cycle the maximum and minimum values were taken. It was 

observed that, in some graphs, particularly in the ankle in the frontal and axial planes, 

there were participants who showed higher amplitudes of moment than the others at 

certain points of the movement, which may have led to the extraction of maximum and 

minimum values at different phases of the gait – for example, some during the swing 

phase and others during the stance phase. This could be the cause of the variability that 

generates the standard deviation and, consequently, the relative differences (Amrani El 

Yaakoubi et al., 2023). 

Regarding the peak analysis made previously on this study, and since the peak hip 

flexion moment and the peak ankle plantarflexion moment are considered as the most 

important in elderly healthy gait (Boyer et al., 2017), it was necessary to investigate 

whether they were influenced by the clothing or not. As it was seen it this study, the peaks 

showed amplitudes that follow the range stated in the literature (Johnson et al., 2021) and 

had the same exact value in the waveform graph, meaning that the clothing did not seem 

to influence the outcome of this analysis. Below is Table 5.2.1, which provides a clearer 

view of the key points discussed. 
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Table 5.2.1 Summary of the discussion regarding the analyses - kinematic and kinetic 

Kinematic Analysis Kinetic Analysis 

Results agree with previous investigations with 

difference clothing scenarios - minimal differences. 

The graphs obtained showed minimal differences, 

suggesting that the average values are representative of 

the sample, agreeing with previous studies. 

The RMSD values are low, indicating the overall low 

deviation between the clothing conditions. 

The amplitude of joint moments is generally higher in 

the sagittal plane since this direction corresponds to the 

movements of flexion/extension, the main movements 

observed during the GA. 

The overlap of the trajectories is less noticeable in the 

frontal and axial planes, and this could possibly be 

explained due to the fact that, similar differences in 

different amplitude planes look different. 

The RMSD values are quite small, meaning that clothing 

does not seem to have a much noticeable effect on the 

gait parameters. 

The ROM results show that clothing, which could be 

considered as a limiting factor did not seem to be one in 

this case. 

The calculated peaks showed amplitudes that follow the 

range stated in the literature, meaning that the attire did 

not seem to influence the results. 

In sum, the moments of joint strength observed are those expected for the task and 

population under study, particularly in the elderly population, according to what is 

observed in the literature (Kirkwood et al., 2007). 

 

5.3. Comparative Analysis 

Although the results of the kinematic and kinetic analyses in absolute values enabled 

the affirmation of the minimal influence exhibited by the different clothing scenarios, it 

was important to make a comparative analysis. In the present study, the joint angles had 

a wider range of differences in comparison with the moments, being the maximum 

amplitude of the differences 36.8% and 15.8%, for the angles and the moments, 

respectively. The maximum amplitude of the difference in angles is more than double the 

maximum amplitude of the difference in moments (Huang et al., 2024; S. Liang et al., 

2022).  
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Data recorded in the frontal and axial planes showed greater relative differences in 

comparison it those presented in the sagittal plane, in both analyses. This is consistent 

with the literature, probably due to the greater ROM observed in the sagittal plane, as 

previously discussed, associated with the flexion and extension movements, which are 

typical of the lower limb joints, particularly during gait (Eitzen et al., 2015).  

Although the differences are within the expected threshold reported in previous 

studies (S. Liang et al., 2022; Lugade et al., 2011; Zhai et al., 2023), particularly in the 

frontal and axial planes, the relative differences are much greater possibly due to the lower 

signal amplitude when compared to the data observed in the sagittal plane. 

Regarding the trajectory graphs, it is possible to observe greater overlap in the 

moment graphs compared to the angle graphs. A likely reason for this is that the force 

measurements are more precise, which consequently results in more accurate moment 

graphs, as seen in other similar studies (Stenum et al., 2024). 

In what concerns the different phases of gait, there does not seem to have been any 

interference from these phases in the results obtained, since no significant differences 

were found in either the stance phase or the swing phase, as observed in the literature 

(Keller et al., 2022). 

 

5.4. Limitations  

Even though the outputs of both kinematic and kinetic analyses are in accordance with 

what was theoretically expected, there were some limitations. One of the key limitations 

was that in this study there was no standardization of clothing in the SSC condition, which 

could translate into a less accurate POSE estimate, due to differences in the texture and 

color of the subjects' clothing (Yang & Park, 2024), although it does not seem to have 

had much influence, since the results obtained seem to follow those obtained in previous 

studies (Kanko et al., 2024; Keller et al., 2022). However, the fact that clothing was not 

restricted resulted in greater variability in the choice of clothing, which ended up better 

reflecting what would be seen in a real-life circumstance.  
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Second, the analysis was made in a controlled laboratory environment, with natural 

light restriction, which might have caused some influence in the recorded videos 

(Scataglini et al., 2024). Finally, although previous studies settled an acceptable threshold 

of 5º in differences of joint angles (McGinley et al., 2009), it is important to notice that 

even 5º degrees might be too much, considering that there might be some studies that 

would benefit of more precision (Yang & Park, 2024). 
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6. Conclusions 

Gait analysis (GA), although it is not a field of biomechanics that has emerged 

recently, still requires further research to make this medical methodology as comfortable, 

safe and accurate as possible. The aim of this work was therefore to investigate the 

influence of clothing on kinematic and kinetic gait data of older adults obtained through 

ML methods, using two clothing conditions: self-selected clothing (SSC) and minimal 

clothing (MC), with the objective of being able to use this system in clinical settings and 

outside of them, considering all its potentials that give it an advantage over other existing 

and accurate methods. 

The results of the kinematic analysis show that the overall patterns regarding angles 

and ROM are quite similar between clothing conditions. Besides that, there does not 

appear to be much dominance of MC or SSC. Still, the sagittal plane is the one showing 

the largest absolute differences and the largest ROM across lower limb joints – hip, knee, 

and ankle. Regarding the results of the kinetic analysis, although similar to the kinematic 

ones, the results regarding the RMSD values were even better, since this was lower, and 

the closest to zero, the better. The results obtained are supported by previous research 

where equivalent results were obtained. 

RMSD confirmed what was already seen since it was quite low for both analyses –

kinematics and kinetics – and it ranged from 1.6º to 3.7º in the angles and 0.02 Nm/Kg to 

0.11 Nm/Kg in the moments, meaning that in both cases, the clothing does not seem to 

have a much noticeable effect on the gait parameters, although it’s important to notice 

that the highest absolute RMSD value is associated with the sagittal plane, in both kinetics 

and kinematics for the majority of the parameters, excluding the ankle joint angle in the 

axial plane, that has a higher RMSD value than the ankle joint angle in the sagittal plane.  

In ROM, the results were not considered significant since the differences were less 

than 5º in all cases, confirming what had been already seen, but in the kinetic analysis, 

some of the parameters had differences superior to the defined threshold. 

 Although the relative errors obtained are higher in kinetic analysis compared to 

kinematic analysis, since the amplitude of the parameter itself is smaller, it is not possible 

to conclude that the results are generally worse, because the relative differences were only 

made regarding the ROM and the amplitude of moments. 
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In a general context, it is possible to observe that joint angles had a wider amplitude 

of differences, while joint moment differences had a narrower amplitude, resulting in less 

than half of the differences presented in the kinematic analysis. This may be associated 

with the fact that force measurements are more precise, which consequently makes the 

moments more accurate. 

 This study contributed to the knowledge about MLGA systems, particularly because 

the study was made in older adults and the majority of the studies are made with middle-

aged adults, where the effect of aging is less noticeable in most cases. This study allows, 

due to the results that follow what was previously seen in the literature, to highlight the 

use of the ML system in the clinic, as it is portable, more convenient and less 

uncomfortable, unlike the MB systems that were used in the past and are still used 

clinically. The ML system is less time-consuming, does not involve much calibration and 

does not require very rigid clothing standardization, which makes investing in this type 

of system a valuable asset.  

 In addition to the more noticeable advantages, it was also possible to study the 

accuracy of the ML system, which proved to be robust in various clothing scenarios. This 

versatility further enhances the practicality of this system in a wide range of applications, 

particularly in those where clothing standardization is not feasible. 

  Despite obtaining results that follow what is seen in literature, there were some 

limitations in this study. One of the main limitations was lack of clothing standardization 

in the SSC condition, thereby enhancing the possibility of a less accurate POSE 

estimation. Secondly, as data collection was always conducted in a laboratory 

environment, there was a natural light restriction, which might have caused some 

influence in the recorded videos. Finally, there was a limitation regarding the currently 

acceptable angle threshold, since there might be some studies that would benefit more 

precision. 

 In summary, the results were positive and within expectations and clothing did not 

appear to be a limitation, considering the similarities of data obtained under different 

clothing conditions, which increases the robustness of this system, increasing the 

possibility of validation, although further studies would be necessary for this. 
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 These studies should deepen some characteristics: a less controlled environment, in 

which more variables would be introduced into the system, thus testing the system to the 

maximum; other types movements, either more complex or with higher frequency, such 

as jumping or squatting and, finally, clothing that really overlaps because, although it is 

important to understand what type of clothing introduces minimal disturbance in the 

outputs – finding the condition considered to be closer to reality – it is also important to 

test various types of clothing, namely winter clothes, such as long coats, snow boots, i.e., 

clothes that might influence the most the detection of the lower limb joints. 
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 Appendices 
 

Appendix I - Informed Consent (1) 
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Appendix I - Informed Consent (2) 
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Appendix I - Informed Consent (3) 
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Appendix I - Informed Consent (4) 
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Appendix I - Informed Consent (5) 
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Appendix II - Eligibility Questionnaire (1) 
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Appendix II - Eligibility Questionnaire (2) 
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Appendix II - Eligibility Questionnaire (3) 
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Appendix III - Montreal Cognitive Assessment (1) 
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Appendix IV - Characterization Questionnaire (1) 
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Appendix IV - Characterization Questionnaire (2) 
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Appendix V – Composite Physical Function Scale (1)  
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Appendix VI – EQ5D Questionnaire (1)  
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Appendix VI – EQ5D Questionnaire (2)  
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Appendix VI – EQ5D Questionnaire (3)  
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Appendix VII – Python code developed to automatically detect the optimal cutoff 

frequency (1)  

 
# 1 - Import libraries 

import numpy as np   

import pandas as pd   

import matplotlib.pyplot as plt   

from scipy.signal import butter, filtfilt   

from kneed import KneeLocator  # For finding the "elbow" in the 

residuals plot 

from PyQt5.QtWidgets import QApplication, QFileDialog  # For GUI file 

selection 

import sys   

from scipy.interpolate import interp1d  # For interpolation of data 

points 

 

# 2 - Butterworth low-pass filter function 

def butter_lowpass_filter(data_values, cutoff, fs, order=2): 

    nyquist = 0.5 * fs  # Nyquist frequency (half of the sampling 

frequency) 

    normal_cutoff = cutoff / nyquist  # Normalize the cutoff frequency 

    if not (0 < normal_cutoff < 1): 

        raise ValueError(f"Invalid cutoff frequency: {cutoff}. It must 

be between 0 and {nyquist}.") 

    b, a = butter(order, normal_cutoff, btype='low', analog=False)  # 

Design the Butterworth filter 

    y = filtfilt(b, a, data_values)  # Apply the filter to the data 

    return y  # Return the filtered signal 

 

# 3 - File selection function 

def select_file(): 

    app = QApplication(sys.argv)  # Create a Qt application 

    options = QFileDialog.Options()  # Set file dialog options 

    options |= QFileDialog.ReadOnly  # Set the dialog to read-only 

mode 

    file_path, _ = QFileDialog.getOpenFileName(None, "Select ASCII 

File", "", "ASCII Files (*.txt);;All Files(*)", options=options) # Set 

the type of wanted data format 

    app.exit()  # Exit the Qt application 

    return file_path  # Return the selected file path 
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# 4 - Save filtered data 

def save_filtered_data(filtered_data, original_file_path, 

suffix="_filtered"): 

    output_file_path = original_file_path.replace(".txt", 

f"{suffix}.txt")  # Creating the new file name 

    pd.DataFrame(filtered_data).to_csv(output_file_path, sep='\t', 

index=False)  # Saving filtered data in csv format 

    print(f"Filtered data saved to: {output_file_path}")  

 

# 5 - Clean and process data 

def clean_data(data_column): 

    data_values = pd.to_numeric(data_column, 

errors='coerce').dropna().values  # Convert and clean the data 

    if len(data_values) == 0: 

        raise ValueError(f"No valid numeric data available in column 

after cleaning.")  # Verify the data 

    return data_values 

 

# 6 - Load and process the data 

file_path = select_file()  # Open file dialog to select a file 

if not file_path: 

    raise ValueError("No file selected. Please select an ASCII file.")  

# Check if a file was selected  

 

# Read the file contents 

data = pd.read_csv(file_path, delimiter='\t')   

 

# Filter columns that contain the string 'mean' (so that we don't have 

to deal with the std deviation columns) 

mean_columns = [col for col in data.columns if 'mean' in col.lower()]  

# Get columns containing 'mean' 

if not mean_columns: 

    raise ValueError("No columns containing 'mean' found in the 

file.")  # Check if any such columns exist 

 

# Sampling frequency and ranges of cutoff frequencies 

fs = 85  # Sampling frequency in Hz   

cutoff_frequencies_range1 = np.linspace(6, 8, 100)  # Cutoff freqs for 

6-8 Hz range 

cutoff_frequencies_range2 = np.linspace(8, 22, 100) # Cutoff freqs for 

8-22 Hz range 
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# Store residuals and optimal cutoff frequencies 

optimal_cutoff_frequencies = {} 

all_sum_residuals = [] 

all_sum_residuals_extended = [] 

 

# 7 - Loop through each column 

for col in mean_columns: 

    data_values = clean_data(data[col])   

    sum_residuals_range1 = []  # Residuals for 6-8 Hz range 

    sum_residuals_range2 = []  # Residuals for 8-22 Hz range 

     

    # Apply filter for the first range (6-8 Hz) 

    for cutoff in cutoff_frequencies_range1: # We are going to filter 

the signal with multiple values  

        try: 

            filtered_signal = butter_lowpass_filter(data_values, 

cutoff, fs) #Apply the filter in the 6-8hz range 

            residuals = data_values - filtered_signal  # Define the 

residuals 

            sum_of_squares = np.sum(residuals ** 2)  #Square the 

residuals 

            sum_residuals_range1.append(sum_of_squares)  #Sum the 

square of the residuals 

        except ValueError as e: 

            print(e)  # Print error if invalid cutoff frequency 

            sum_residuals_range1.append(np.nan) # Append NaN if 

there's an error 

     

    # Apply filter for the second range (8-22 Hz) 

    for cutoff in cutoff_frequencies_range2: 

        try: 

            filtered_signal = butter_lowpass_filter(data_values, 

cutoff, fs)  #Apply the filter in the 8-22hz range 

            residuals = data_values - filtered_signal # Define the 

residuals  

            sum_of_squares = np.sum(residuals ** 2)  #Square the 

residuals 

            sum_residuals_range2.append(sum_of_squares) #Sum the 

square of the residuals 

        except ValueError as e: 
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            print(e)  # Print error if invalid cutoff frequency 

            sum_residuals_range2.append(np.nan)  # Append NaN if 

there's an error 

     

    # Clean NaNs in both ranges 

    sum_residuals_range1 = np.array(sum_residuals_range1)   # 

necessary for efficient numerical operations and array manipulations 

    valid_indices_range1 = ~np.isnan(sum_residuals_range1) # Identify 

valid (non-NaN) indices 

    valid_cutoff_frequencies_range1 = 

cutoff_frequencies_range1[valid_indices_range1] # Filter valid cutoff 

frequencies; Only the indices where valid_indices is True are kept 

    sum_residuals_range1 = sum_residuals_range1[valid_indices_range1] 

#Only sum the residuals where the index is valid 

     

    sum_residuals_range2 = np.array(sum_residuals_range2) 

    valid_indices_range2 = ~np.isnan(sum_residuals_range2) 

    valid_cutoff_frequencies_range2 = 

cutoff_frequencies_range2[valid_indices_range2] 

    sum_residuals_range2 = sum_residuals_range2[valid_indices_range2] 

     

    # Store sum of residuals for plotting 

    all_sum_residuals.append(sum_residuals_range1) 

    all_sum_residuals_extended.append(sum_residuals_range2) 

     

    # 8 - Use KneeLocator to find optimal cutoff frequency 

    kneedle = KneeLocator(valid_cutoff_frequencies_range1, 

sum_residuals_range1, curve='convex', direction='decreasing')   # 

Initialize KneeLocator 

    optimal_cutoff_frequency = kneedle.elbow   # Finding the 

elbow/knee (OCF) 

    if optimal_cutoff_frequency is not None: 

        optimal_cutoff_frequencies[col] = optimal_cutoff_frequency  # 

Store optimal frequency for each column 

 

# Calculate overall optimal cutoff frequency 

overall_optimal_cutoff_frequency = 

np.nanmean(list(optimal_cutoff_frequencies.values()))  # Mean of 

optimal frequencies across columns 

 



 

81 

 

print(f'\nThe overall optimal cutoff frequency is around 

{overall_optimal_cutoff_frequency:.2f} Hz.') 

 

# 9 - Apply the filter with the overall optimal cutoff frequency and 

save filtered data 

filtered_signals = {} # Create an empty dictionary to store filtered 

signals 

for col in mean_columns: 

    data_values = clean_data(data[col])   

    filtered_signal = butter_lowpass_filter(data_values, 

overall_optimal_cutoff_frequency, fs) # Apply a low-pass Butterworth 

filter using the OCF 

    filtered_signals[col] = filtered_signal   

 

# 10 - Plot elbow graph 

mean_sum_residuals_range1 = np.nanmean(all_sum_residuals, axis=0) # 

Calculate the mean of the residuals for the first range, ignoring NaN 

values 

mean_sum_residuals_range2 = np.nanmean(all_sum_residuals_extended, 

axis=0) # Calculate the mean of the residuals for the extended range, 

ignoring NaN values 

 

extended_cutoff_frequencies = np.linspace(0.1, 22, 1000) # Cutoff 

freqs for 0.1-22 Hz range 

interpolation = 

interp1d(np.concatenate([valid_cutoff_frequencies_range1, 

valid_cutoff_frequencies_range2]),  

                            np.concatenate([mean_sum_residuals_range1, 

mean_sum_residuals_range2]),  

                            kind='linear', fill_value='extrapolate') # 

Interpolate the sum of residuals across valid cutoff frequencies using 

linear interpolation 

 

extended_sum_residuals = interpolation(extended_cutoff_frequencies) # 

Apply interpolation to the extended cutoff frequencies 

extended_sum_residuals = np.clip(extended_sum_residuals, a_min=0, 

a_max=None)  # Clip the residual values to ensure they are non-

negative 
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threshold_at_optimal = np.interp(overall_optimal_cutoff_frequency, 

cutoff_frequencies_range1, mean_sum_residuals_range1) # Interpolate to 

find the threshold at the OCF 

 

plt.figure(figsize=(10, 6)) 

plt.plot(extended_cutoff_frequencies, extended_sum_residuals, 

color='green', linestyle='-') # Plot the average sum of residuals for 

the min extended range of cutoff frequencies 

plt.axvline(x=overall_optimal_cutoff_frequency, color='blue', 

linestyle='--', label='Optimal Cutoff Frequency') # Add a vertical 

line at the overall optimal cutoff frequency 

plt.axhline(y=threshold_at_optimal, color='red', linestyle='--', 

label='Threshold') # Add an horizontal for the threshold 

plt.xlabel('Cutoff Frequency (Hz)') 

plt.ylabel('Sum of Residuals') 

plt.title('Elbow Graph for Optimal Cutoff Frequency') 

plt.legend() 

plt.grid(True) 

plt.xlim([0, 22]) 

plt.ylim([0, np.max(extended_sum_residuals)]) 

plt.show() 

 

# Save the filtered data 

save_filtered_data(filtered_signals, file_path) # Save the filtered 

signals to a specified file path 
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Appendix VIII – Amplitude of the moments  

 

JOINT PLANE 

CLOTHING CONDITION DIFFERENCES 
RELATIVE 

DIFFERENCE 
MC SSC MC - SSC 

𝑋̅ SD 𝑋̅ SD 𝑋̅ 

HIP 

SAGITTAL 1.42 0.25 1.46 0.22 -0.04 -2.88% 

FRONTAL 0.98 0.17 1.11 0.15 -0.13 -13.61% 

AXIAL 0.25 0.05 0.28 0.06 -0.04 -15.45% 

KNEE 

SAGITTAL 0.94 0.22 0.95 0.20 -0.01 -0.68% 

FRONTAL 0.50 0.11 0.58 0.10 -0.08 -16.31% 

AXIAL 0.27 0.07 0.29 0.06 -0.01 -5.49% 

ANKLE 

SAGITTAL 1.52 0.15 1.53 0.14 -0.01 -0.82% 

FRONTAL 0.26 0.07 0.28 0.08 -0.01 -4.30% 

AXIAL 0.16 0.04 0.18 0.04 -0.02 -12.71% 

 


