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Joint Angle Estimation Method for Wearable Human Motion Cap-
ture

Amanda J. Redhouse

(ABSTRACT)

This thesis presents a method for estimating the positions of human limbs during motion that

can be applied to wearable, textile-based sensors. The method was validated for the elbow

and shoulder joints with data from two garments with resistive, thread-based sensors sewn

into the garments at multiple locations. The proposed method was able to estimate the elbow

joint position with an average error of 2.2 degrees. The method also produced an average

difference in Euclidean distance of 3.7 degrees for the estimated shoulder joint position using

data from nine sensors placed around the subject’s shoulder. The most accurate combination

of sensors on the shoulder garment was found to produce an average difference in distance

of 3.4 degrees and used only six sensors. The characteristics of the resistive, thread-based

sensor used to validate the method are also detailed as some of their behaviors proved to

affect the accuracy of the method negatively.



Joint Angle Estimation Method for Wearable Human Motion Cap-
ture

Amanda J. Redhouse

(GENERAL AUDIENCE ABSTRACT)

Human motion capture systems gather data on the position of the human body during

motion. The data is then used to recreate and analyze the motion digitally. There is a

need for motion capture devices capable of measuring long-term data on human motion,

especially in physical therapy. However, the currently available motion capture systems

have limitations that make long-term or daily use either impossible or uncomfortable. This

thesis presents a method that uses data from wearable, textile-based sensors to estimate the

positions of human limbs during motion. Two garments were used to validate the method

on the elbow and shoulder joints. The proposed method was able to measure the elbow

and shoulder joints with an average accuracy that is within the acceptable range for clinical

settings.
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Human motion capture, or the tracking of human motion through the estimation of posi-

tions and orientations of body segments [1], is becoming more popular with applications

in various fields such as sports [2], [3], animation [4], and physical therapy [1], [2]. Many

applications, especially physical therapy, would benefit from a system designed to perform

human motion capture over long periods of time without interrupting the subject’s daily life

[5], [6]. However, current motion capture technologies were not designed for long-term wear

as they either restrict the subject to a set volume of space or are uncomfortable for daily

wear [2]. This thesis’s primary goal is to present a method for human motion capture that

does not restrict the user to a specific volume of space and is comfortable for long-term use.

There are many advantages to monitoring human motion over a long period of time, es-

pecially in physical therapy and rehabilitation settings. Long-term motion capture aims to

monitor a user’s motions during daily life activities such as eating and walking. Physical

therapy is one form of clinical intervention during which a physical therapist re-establishes,

develops, and maintains the body’s functional capacity to carry out daily activities [7]. To

treat a patient, a physical therapist relies on physical measurements and patient descriptions

of symptoms and limitations to their daily life activities. Long-term human motion mea-

1
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surement could provide a physical therapist with a more objective and reliable assessment

of a patient’s disabilities and track ongoing treatment effectiveness [5]. Long-term motion

capture could also be used to recognize deviations in joint movement patterns used to al-

ter treatment [8]. Currently, established motion capture systems cannot perform long-term

motion capture without disrupting a person’s lifestyle.

Many systems have been designed to perform human motion capture, the most prominent

being optical and inertial systems [1], [3]. Optical motion capture systems detect light via

cameras to estimate the 3D position of specific markers on a subject. Inertial systems attach

inertial measurement units (IMUs) containing accelerometers, gyroscopes, and magnetome-

ters to limbs to determine limb segments’ orientation [3]. While these human motion capture

systems are usually highly accurate, they also come with several limitations. Current optical

systems restrict users to a singular space equipped with cameras, preventing users from per-

forming daily life activities normally [1]. Inertial systems are more plausible in a long-term

motion capture application as they are wearable and often not restricted to a specific space.

However, the sensors are housed in rigid wearable structures which make inertial systems

uncomfortable and prone to interfere with everyday activities [2].

Many systems have been proposed to provide human motion capture that is both wearable

and comfortable. Many of these systems revolve around strain sensors adhered to a garment

to measure textile deformations in the fabric resulting from body movement [1]. A textile-

based strain sensor is a more specific classification of strain sensors integrated into a garment

using only textile substrates (as opposed to artificially adhered with glue or Velcro) [9]. A

human motion capture system incorporating textile-based sensors into a garment is the

preferred solution to current motion capture systems because it would provide comfortable

and almost invisible human motion capture.
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This thesis presents a human motion capture method that uses data from wearable, textile-

based strain sensors to estimate joint angles of the human body. The method is validated

in Chapter 4 by applying the method to sensor data gathered from two specially made

garments and comparing the estimated joint angles to a ground truth measurement from an

optical motion capture system. These garments include multiple textile-based strain sensors

designed to deform with upper arm and forearm movement. This thesis will also show which

of the textile-based strain sensor locations, or combinations of locations, on each garment

are most effective for human motion capture using the proposed method and constructed

garments.

Incorporating more sensors into the human motion capture method is expected to result in

more accurate joint angle estimations. Considering additional sensors from multiple locations

around a joint may add supplementary information about the joint’s position, allowing the

method to make a more accurate estimation. Chapter 4.5 confirms an increase in method

accuracy by reporting the average error associated with combinations of multiple sensors

around the shoulder joint.

This thesis is organized in the following manner. Chapter 2 discusses current optical motion

capture technology commonly used to collect ground-truth body position data and the cur-

rent use of soft strain sensors in human motion capture. The method proposed for motion

capture using wearable, thread-based sensors is given in Chapter 3. Chapter 4 then details

the method’s resulting accuracy when used for motion capture of the elbow and shoulder
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joints using thread-based sensors. Finally, Chapter 5 states conclusions, summarizes the

contributions of this thesis and presents possible future work. Also included is an appendix

to describe the observed non-ideal characteristics of the thread-based strain sensors that are

the source of some of the errors observed in Chapter 4.



The general operation of optical motion capture devices is provided in Section 2.1 to explain

how ground truth data will be collected to analyze the validity of the joint angle estimation

method proposed in this thesis. Section 2.2 then discusses related works that present previous

uses of soft and textile-based strain sensors proposed for long-term human motion capture

and their setbacks. This section also describes the current theory of operation of the textile-

based strain sensor used in Chapter 4.

Optical motion capture systems track the positions of a set of markers in a 3D space using

multiple stationary cameras. These systems are often referred to as the ‘gold standard’ in

motion capture [2]. Advanced optical motion capture systems have been proven to yield high

accuracy position data; a Vicon system with only eight cameras can estimate marker position

with a root mean square error of 0.77mm [3]. An optical motion capture system is defined

by the type of marker it uses. Reflective balls are the most common type of marker used

in optical systems. These balls usually come in different sizes and are made of a reflective

material that can be observed and tracked by the system’s cameras. Systems that use these

markers are usually referenced as passive marker systems as the markers do not require a

power source to be tracked [3]. On average, approximately 50 markers are needed to track

5
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the entire human body [10], but subsets of marker sets can be used to capture only specific

sections of the body. In any passive optical system, markers can become occluded from

the cameras’ view during motion tracking. In this instance, the system fails to record the

location of the occluded marker. When this occlusion occurs, the system will not be able to

determine the affected limb’s position. These systems are often used to gather ground truth

data and if markers are occluded during data capture, the data may be rendered useless, at

least over the range the markers were lost by the cameras [11].

Creating a motion capture system that is unobtrusive and comfortable requires sensors to

be integrated into wearable systems in a way that renders them practically invisible to the

wearer. Sensors that move and stretch with the fabric of a garment, such as soft strain

sensors, can be integrated into fabrics and used to measure the garment’s movement. Soft

strain sensors have been created using conductive thread, conductive ink, or combinations of

conductive fabric and silicone for use in human motion capture systems [1], [12]–[14]. These

soft strain sensors measure the strain, or deformation, of a textile due to human motion

through resistance or capacitance changes. The sensor’s output can be mapped to joint

angle measurements to estimate human motion over time [1].

Gioberto presents three conductive thread-based strain sensors in [12]. Each sensor was cre-

ated using a different basic stitching pattern from everyday clothing manufacturing. Of the

three stitch patterns, the sensor made from the bottom-thread cover-stitch pattern provided

the most extensive range of sensor responses with the least amount of variation between
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repetitive stretch tests. This type of sensor was then used to estimate the knee joint’s angle

by analyzing data from three sensors sewn into stretchable pants. The sensors were placed

¼” away from each other on the front of the knee. Data was taken on a running mannequin

over five trials, each observing ten gait cycles. Two different functions were fit to the data

from the middle sensor to relate sensor output to joint angle to estimate the angle of the

knee: one function for flexion motion and one for extension. The data was fit to a 4th

degree polynomial through least squares regression for each motion. This method resulted

in average estimation errors of 3 degrees of flexion and 2.8 degrees for extension using the

middle sensor and average errors from 6.3 degrees to 11.5 degrees for the other two sensors

[12]. This method is not practical for real-time human motion capture as it assumes that

the state of motion of the knee, whether it is in flexion or extension, is known with 100%

certainty. Outside of a visual motion capture space, this cannot be assumed. A method for

generating such insight into the wearer’s motion is not presented for use in long-term motion

capture.

This thesis creates garments to test the method for motion capture using bottom-thread

cover-stitched sensors. The method does not rely on any information outside of sensor

response to estimate joint angles, unlike the previous method used to estimate the knee joint

in [12].

The bottom-thread cover-stitch sensor is a type of textile-based strain sensor created by

Gioberto in [12]. This sensor is sewn directly into a garment and will deform along with the

garment during the wearer’s motion. The bottom-thread coverstitch sensor’s resistance will

vary with deformations of the garment and can be mapped to the range of motion (ROM)
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of a joint. As the garment deforms with the user’s various motions, the variation in the

sensor’s resistance can be used to estimate human motion.

The resistance of this stitch sensor can be modeled theoretically using a series of resistors.

In a relaxed state with no added tensile force, the sensor can be modeled by a series of

resistances in a Z-shaped formation representing the loops the conductive thread makes

within the stitch. When the stitch is elongated, the resistors in the Z-shape condense, causing

the theoretical resistors’ edges to touch. The resistors whose edges are touching are then

shorted and removed from the series, effectively decreasing the overall sensor’s resistance. As

the sensor stretches, more resistances are shorted, and the total resistance across the sensor

decreases until the base fabric or thread is broken [12]. Figure 2.1 illustrates the working

theory of the bottom-thread coverstitch sensor.

Figure 2.1: Theory of operation of bottom-thread coverstitch sensor

A small experiment was executed to test the theoretical sensor model and quantify the

relationship between the sensor’s resistance and additional stretch length. A bottom-thread

coverstitch sensor of 2.25” in length was sewn into a splotch of fabric and repeatedly stretched

and relaxed an additional 1” for ten total cycles at a speed of 6.25 cycles per minute. The
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resulting relationship between the stretch length of the fabric and resistance was described

as ‘almost linearly decreasing during the stretch phase and increasing during the recovery

(or relaxation) phase’. The sensor is also noted to vary with different shaped bends in the

fabric. However, this was only quantified for denim which is a stiff fabric with little to no

stretch [12]. Stretchable, tight-fitting garments have proved to provide higher accuracy and

wearability [12] and, therefore, will be considered as the base fabric for any garment used

with coverstitch sensors in this thesis.



The soft strain sensors described in Chapter 2.2 respond to deformations in a garment

and provide an analog output that is not useful without further processing. A method for

estimating joint angles by relating sensor output to body position must be established to

perform human motion capture using these analog sensors. This chapter details the joint

angle estimation method created to capture human motion using wearable strain sensors.

3.1 describes the considerations that must be accounted for in the design of the method.

The method proposed to estimate joint angles using soft strain sensors is then specified in

Section 3.2.

There are a few factors that influenced the design of this method. The possibility of variance

in sensor output must be considered. Human motion limitations must also be considered to

avoid estimations outside of a typical person’s range of motion.

There are many causes for variability in a soft strain sensor’s output. For example, the

tread-based strain sensors discussed in Chapter 2.2.2 have shown variation between sensors

due to variables that affect the stitching process, such as machine tension, fabric feed, and

the stitching loop’s size. Beyond manufacturing, the thread-based sensors also show variance

between repetitions of the same distortion of the base fabric. The sensors have been shown

10
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to vary approximately 4% of their total response between peak-to-peak measurements when

repeatedly stretched ten times to 125% of the original length [12].

Human factors also present challenges to estimating human joint angles. Normal range of

motion reference values for healthy adults have been established for most joints [8], [15].

However, individuals with disabilities or other limitations may have a reduced ROM in one

or more joints [8], [15], [16]. There are also many different types of joints that exist in the

human body, such as hinge and spherical joints. Each type of joint can be modeled using

a certain number of degrees of freedom (DOFs). For example, a hinge joint can be defined

using one DOF, and a spherical joint can be described using three DOFs [4].

A method that uses sensor output to predict the joint angles of a joint at one instance of

time is desired for human motion capture. Such a method is devised in this section which

estimates the defining joint angles of a target joint by finding the angles that produce the

smallest difference between the current sensor outputs and the average of previously observed

sensor outputs over the joint’s ROM. This average previous observation is the output of a

function that relates joint angles over a subject’s ROM to the corresponding average sensor

output over a large dataset. The creation of these functions is explained in Section 3.2.1.

The proposed method consists of five inputs; a vector of sensor responses recorded at one

time instance, an array of functions that each define a previously established relationship

between one sensor’s output and the joint angles, the minimum and maximum joint angles

of the user, and a specified number of initial joint estimations. The output of the method is

a vector of joint angles that estimate the joint’s position at the given instance.

The proposed method estimates joint angles by calculating the set of angles that produces
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the minimum sum of squared error (SSE) between the expected outputs of the sensors and

the measured sensor responses at one instance of time. These estimated angles must be

bound by the limits of joint motion, or the range of motion, of the targeted joint for that

user. The estimated set of angles is found by solving the optimization problem

minimize
F (�)

F (�) =
nX

i=1

�
fi

�
�) � vi)

2

subject to a1 � �1 � b1 ; : : : ; am � �m � bm

(3.1)

where n is the total number of sensors, i = 1; :::; n, � is a vector containing all m angles

used to define the position of the targeted joint, v is a vector containing n normalized sensor

responses, f (�) is the array of n expected response functions, F (�) is the objective function

which is the SSE in this case, a is a vector of the minimum values of m joint angles, and b is a

vector of the maximum value of m joint angles. Each function in f(�) outputs the expected

sensor response of one of the n sensors at joint angles �. The optimization is subjected to

bounds to insure the estimation stays within the subject’s ROM. The optimization should

result in the vector of angles that produces the smallest objective function values, or SSE,

between the expected sensor response and the measured sensor outputs between the set

bounds.

MATLAB was used to execute the joint angle estimation method. The fmincon function

was used to solve the nonlinear optimization problem by implementing the interior point

algorithm [17]. The optimization can result in a local minimum solution instead of the global

minimum solution. To increase the chances of identifying the global minimum solution, the

method requires x initial start points as an input. The method then generates x instances

of � using non-uniformly distributed random numbers bounded between the minimum and

maximum joint angles, a and b. To execute this, a MATLAB Multistart object is used to run
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fmincon x times, each with a different initial random guess of the joint angle estimation �.

The object saves the resulting pairs of objective function values and joint angle estimations

for each initial set of angles. The result of the fmincon function instance that generated

the lowest objective function value is then considered the most accurate estimation and the

resulting � is output as the joint angle estimation. If more than one joint angle is to be

estimated, the GlobalSearch MATLAB object is implemented instead of Multistart. This

object utilizes basins of attraction to define multiple local minima to better estimate the

global minimum by grouping start point results and rejecting potential start points that are

unlikely to improve the optimization [18].

This joint estimation method can then be repeated over multiple discrete time instances to

capture human motion by estimating joint angles over a period of time. The entire method

is summarized in Figure 3.1. However, this method assumes an established relationship

between each sensor’s output and joint angles over the ROM of the joint.

Figure 3.1: Joint angle estimation method flow chart

The proposed joint angle estimation method requires a function that outputs the expected

sensor response at a set of joint angles. Assuming a dataset exists that provides sensor
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responses over the entire ROM of each joint angle, a function can be created for each sensor

to relate joint angle to expected sensor response.

Consider a dataset, X, that is data from a subject wearing n sensors and performing a

motion over a total time t in seconds. All n sensor outputs and m ground truth joint angles

are measured at a sample rate of � Hz during this time. Two arrays exist within dataset X.

Array X1 is the ground truth joint angle data. Each column is a different angle, and each

row is a measurement of the angles taken at discrete intervals of time. Therefore, X1 is an

array of t�� rows and m columns. The second array, X2, is the sensor outputs. Each column

in X2 is a different sensor worn by the subject, and each row is one measurement of each

sensor. Array X2 in dataset X, therefore, includes t � � rows and n columns. The motions

done by the subject during the recording of the dataset should capture the entire range of

motion of the joints. The motions should also be repeated to capture any variation between

sensor output between nearly identical motions. It is expected that sensors placed on similar

garments and in the exact location on the body will produce similar behavior. However, an

offset between sensors may exist due to manufacturing or slightly different sensor position

on the body that usually results from shift during wear.

To preserve the relationship between the sensor output and angles of the joint, the sensor re-

sponses in array X2 will be scaled between [0; 1] for each column individually using Equation

3.2. The sensor output ranges of each sensor can differ; therefore, X2 cannot be normalized

using a global minimum and maximum.

X2(c)0 =
X2 (c) � minc

maxc � minc

(3.2)

In Equation 3.2, c is the column number of array X2 that is being normalized, minc is the

minimum sensor value in column c, and maxc is the maximum sensor value in column c of
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array X2. The equation is applied to X2 for all values of c where c = 1; ::; n. The resulting

array X2’ is complete when each column of X2 has been normalized using Equation 3.2.

Array X2’ will be the same size array X2.

Because there is variation in sensor output between identical motions, an average sensor

response at discrete joint angles will be used to calculate the expected sensor response in the

joint angle estimation method. This step will create a new dataset, Y , from dataset X. The

sensor responses will be binned and averaged by the following process to create dataset Y .

First, the number of bins used to organize the sensor outputs is established for each joint

angle. Vector b holds m numbers of bins. Each bin will have a bin width calculated by

dividing the range of the joint angle by the number of bins. Vector w holds m bin widths,

one for each joint angle. The bin widths should be set such that the number elements, or

rows, of X’ in each bin is as uniformly distributed as possible, keeping the interval small

as not to over-simplify the dataset (unless necessary). Each element of X1 is then given a

bin label based on the joint angle being measured (column) and the value of the joint angle.

The corresponding elements, or rows, of X2’ are then sorted into the specified bins. The

sorting is done individually by sensor over X2’. Then, the average value is taken over each

bin. The resulting dataset, Y , includes n + 1 arrays. One array, Ya, exists to identify the

discrete angles, or bin values, at which the average sensor outputs occur. Ya is an array with

the maximum value of b rows and m columns. The remaining n arrays, Y1; ::; Yn, contain the

average sensor value of each bin. Each Y1; …; Yn will have m dimensions. Each dimension

will have the corresponding value of b elements creating arrays of size b1 � b2 � : : : � bm.

The dataset Y can then be used to define the expected sensor response given the discrete

joint angles in Ya.

A cubic smoothing spline will be fit to each of the n sensors on the body that correspond to

the targeted joint to be used to calculate the expected sensor values given joint angles in the
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joint estimation method. This curve fitting technique is effective for modeling noisy data

and is constrained to have continuous first and second-order derivatives [19]. This technique

also allows for multiple inputs to the model which will relate a sensor’s output to all angles

used to represent a joint. The relationship between sensor output and joint angles will be

represented by a spline that is a function of joint angles and outputs the expected sensor

value based on the data from dataset Y .

A spline is created for each array in dataset Y , except array Ya. Each spline estimates the

output of one of the n sensors given any combination of valid joint angles. A spline is created

for one sensor by finding the function that minimizes the squared error between the data

and spline and minimizing the curvature, or “roughness”, of the spline. The cubic smoothing

spline f minimizes

min
f

p

yX
j=1

jsj � f(�j)j2 + (1 � p)

Z
jf 00(�j)j2d (3.3)

where y is the number of elements in the array from dataset Y , j = 1; : : : ; n , s is the sensor

value from the jth index in the array from dataset Y , �j is the vector of angles from Ya

that corresponds to the angle of the jth element in the array from dataset Y , and p is the

smoothing parameter. The parameter p is used to balance the effects of the conflicting terms

of Equation 3.3. The spline will more closely mimic the original dataset when p is closer

to one. The closer p is to zero, the more the spline to drift away from passing through all

original data points and produce a more linear fit to the data. These extremes are helpful

to consider as the most effective value of p will depend on the amount of undesired variation

in the sensor response. A spline is then created for each of the n sensors in dataset Y .

Figure 3.2 below shows a flow chart representation of the process to turn sensor data and

ground truth joint angles into expected sensor response functions for use in the joint angle
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estimation method.

Figure 3.2: Process of creating expected sensor response functions from a dataset



In this chapter, the method proposed in Chapter 3 is applied to experimental data from

thread-based sensors to perform human motion capture on one arm, particularly the upper-

arm and forearm limb segments, via measuring joint angles. The resulting human motion

capture data is compared to ground-truth joint angles from an optical system to assess the

model’s ability to estimate human limb segment positions. The method’s accuracy is then

explored by applying different combinations of sensors to establish the most effective of the

chosen sensor placements for elbow and shoulder joint motion capture. An analysis of the

most effective number of initial points for each joint’s estimation is also conducted.

First, Section 4.1 defines the body model used to represent arm motion through various joint

angles as well as the optical motion capture system setup for ground truth measurements of

those angles. This section also discusses the garments created to gather data from thread-

based sensors placed around the elbow and shoulder joints. Section 4.2 then presents the

experimental procedures for gathering sensor data from a subject wearing one of the gar-

ments. The experimental data organization and the metrics used to evaluate the method’s

accuracy are explained in Section 4.3. Section 4.4 presents an analysis of the method’s ability

to estimate the angle of the elbow given the experimental data. Finally, Section 4.5 provides

an analysis of the method’s ability to estimate the shoulder joint’s angular rotations using

multiple sensor arrays.

18



19

Motion capture data in its raw form must be mapped to a kinematic model of the human

body to represent human motion quantitatively. This section presents the kinematic model

used to define one arm’s motion (excluding the hand) for this thesis’s purposes. The model

contains two joints representing the elbow and shoulder joints. The positions of the limbs are

based on the angles between limb segments which are referenced as joint angles. The elbow

joint is modeled as a one degree of freedom hinge joint by one joint angle between the forearm

and the upper arm. With this representation, the maximum elbow joint occurs when the

arm is as straight as possible. The shoulder joint is modeled with three degrees of freedom,

often called a spherical joint. The three joint angles representing the shoulder describe the

position of the upper arm in relation to the torso. The neutral position, where all shoulder

angles are measured at 0 degrees, is defined as the subject standing with their arms down at

their sides and thumbs facing the body’s anterior (front side). Figure 4.1 shows the axes of

rotation for the two joint angles in the kinematic model of the human body. The subscript e

identifies an elbow joint angle, e.g., X , and the subscript s identifies a shoulder joint angle,

e.g., X . The motions of the arm can also be described using anatomical movements. The

movements are labeled in Figure 4.1 and are also illustrated in Figure 4.2. Table 4.1 presents

the average range of motion of the shoulder and elbow joints in healthy adults established

by Norkin and White in [8].
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Figure 4.1: Axes of rotation of the shoulder and elbow

Figure 4.2: Anatomical movements of the elbow and shoulder joints
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Table 4.1: The average ranges of motion of the elbow and shoulder joints for healthy adults

Anatomical
Movements Flexion/Extension Adduction/Abduction Internal/External

Rotation
Axis X Y Z

min max min max min max
Elbow -15 150 - - - -
Shoulder -50 180 0 170 -80 60

To evaluate the method’s ability to estimate the joint angles defined by the kinematic model,

the ground-truth joint angles must be established alongside sensor data to provide a com-

parison for the model’s output. Ground truth angles are also needed to create a function for

the expected sensor output to the joint angle in question detailed in Chapter 2.2.1. To do

this, an optical, passive-marker Vicon motion capture system with nine cameras was used to

capture ground-truth joint angles for any recorded sensor data. All of the data collected in

this chapter is based on movements of the right arm. Therefore, markers were only placed

on the right side of the body. The marker set used to record all ground truth data in this

thesis is shown in Figure 4.3.

Figure 4.3: Marker set used for Vicon optical tracking of the ground truth elbow angle
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To reduce the possibility of occlusion of the markers, the cameras were arranged to focus

on the subject’s right side. Figure 4.4 shows this setup with the test subject placed in the

middle of the volume of space, facing the red arrow’s direction.

Figure 4.4: Camera setup for ground truth motion capture data collection

This system introduces slight position errors less than 2mm [20] during low- and high-speed

movement of the markers. The movement of the markers on the skin and fabric is also a

potential source of error [21] for optical motion capture.

To gather data to validate the method established in this thesis, bottom-thread coverstitch

sensors described in Chapter 2.2.2 were incorporated into garments that respond to human

motion of the elbow and shoulder joints. A skin-tight sleeve was designed to capture the

angle of the elbow, and a tight-fitting jacket was designed to capture the shoulder’s joint

angles. The sensors were sewn into areas of the garments that were expected to deform with

joint motion.
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A sleeve was chosen as the motion capture garment to gather sensor data relating to the

elbow joint. A sleeve surrounds the elbow, allowing multiple sensors to be incorporated while

also being easily donned and doffed. The sleeve covers the user’s arm from the wrist to the

middle of the bicep. It was designed to have a skin-tight fit on the subject to increase the

fabric’s stretch response to the elbow’s movements as well as decrease the effect of garment

shift during wear. Skin-tight garments have also been shown to produce lower accuracy errors

than loose-fitting garments in stretch-based sensor systems [21]. The sleeve is made from a

polyester/spandex blend fabric (97% polyester 3% spandex) which was chosen because it has

a high stretchability. Leather fabric was then sewn into the inside of the sleeve around both

ends to help anchor the sleeve to keep the sleeve from slipping from its original placement.

To exhaustively capture the angle of the elbow, sensor locations on the sleeve were chosen

that would most likely be either elongated and relaxed or compressed and uncompressed as

a result of movement of the elbow. As the user bends their elbow, an elastic-type sleeve that

is tight-fitting and is anchored at both ends will stretch (elongate) along the back of the

elbow. This stretch increases with angle flexion . At maximum elbow flexion, the forearm

and bicep press against each other on the front of the elbow. This contact creates pressure

on the fabric between the two limb segments. This pressure pushes the sensors located on

the front of the arm into themselves, which will generate a sensor response .

Eight stitch sensors were sewn onto the sleeve . Three sensors were placed along the back

of the elbow, parallel with the bones of the arm, and centered over the elbow. Three more

sensors were sewn into the sleeve along the front of the elbow in the same pattern as those on
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the back. Two sensors were also placed on the front and back of the forearm. The forearm

sensors are not considered in method evaluation due to their lack of significant response to

movement of the subject. All sensors were insulated prior to use. Figure 4.5 shows the front

of the sleeve garment while being worn before the insulation was applied over the sensors.

Figure 4.5: Inside of sleeve garment

Figure 4.6 shows the numbering scheme used to identify the sensor locations for this gar-

ment throughout this chapter. Each sensor was planned to be 5” long. However, due to

manufacturing differences, sensor length slightly varies between sensors. The lengths of each

sensor are displayed in Table 4.2.
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Figure 4.6: Sensor numbering of sleeve garment

Table 4.2: Lengths of sensors on sleeve garment

Sensor Location on the Sleeve Back Front
Sensor Number 1 2 3 4 5 6
Length (inches) 4.6 4.5 4.25 4.7 4.6 4.6

A jacket was created to capture the movements of the wearer’s shoulder joints using bottom-

thread coverstitch sensors . The jacket was made of fabric with high stretchability around

the shoulder joints, where the most fabric motion was expected. Nine sensors were sewn

into this material on each side of the garment (i.e., left and right) for a total of 18 sensors.
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