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ABSTRACT 

The timed-up-and-go (TUG) test is widely used in clinical practice for assessing mobility 

and fall risk in seniors. A stop watch is normally used to measure the total time required 

to rise from a chair, walk a short distance, turn, walk back to the chair, and return to a 

seated position. The time required to perform the various motor tasks or “phases” of the 

TUG (chair activity, walking and turning) are rarely if ever measured. Ability to quantify 

performance on the TUG motor tasks could greatly improve the clinical utility of the test. 

This thesis validated a TUG “phase” detection algorithm using TUG test data from a 

wearable inertial sensor against a Vicon T160 optoelectronic motion capture system. 

Accuracy of detection of six phases of the TUG was within +/-.5s. The results suggest a 

wearable sensor can add considerable value to the clinical TUG. 
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Chapter 1: Introduction 

The Timed Up-and-Go (TUG) test is a widely used test for evaluating mobility in patient 

populations that are frail, that have elevated risk of falling or have physical impairments 

impacting mobility. The test is simple to conduct: the patient starts from a seated 

position, rises, walks a set distance, turns, walks back to the chair and sits, while an 

observer measures the total test time with a stop watch.  The total TUG time as a measure 

of physical function is reported to have acceptable reliability, fair responsiveness and 

good validity and interpretability (1-4). Whatever ambulatory diagnosis or impairment a 

person might have, the activities included in the TUG represent a set of important motor 

tasks that they must be able to perform safely in order to ambulate in the home, 

workplace, and community. 

For the above reasons the TUG is one of the most common measures used in 

clinical practice and research for assessing mobility in a broad range of patient 

populations (5). However, the current approach to conducting the TUG using a stop-

watch does not allow clinicians and researchers to quantify performance of individual 

components of the TUG that could be used to better identify patients’ functional deficits. 

This thesis attempts to address this shortcoming by instrumenting the TUG test using a 

common wearable sensor (inertial measurement unit, IMU) and employing a simple 

algorithm to identify the clinically relevant phases of the TUG.  

The following sub-sections will summarize the relevant background to justify the 

need for the research and identify the current gaps, and describe how the research will 
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contribute to the ongoing efforts to improve quality and utility of the TUG, and then will 

introduce the approach used to accomplishing the project aims. 

1.1 Background and Relevance 

The TUG is quick and practical when testing basic mobility in elderly patients (6). An 

illustration of the test is shown in Figure 1. The literature is replete with examples of its 

use for assessing common conditions of elderly and/or populations with physical diseases 

including (but not limited to) chronic obstructive pulmonary disease (7), Alzheimer’s 

Disease (8), Parkinson’s Disease (9), stroke (10), spinal cord injury (11), multiple 

sclerosis (12), knee arthritis (13), lower limb amputation (14, 15) and other causes of 

neuromuscular impairments (16), as well as general frailty (17-19). As such, the TUG’s 

responsiveness lies in its ability to identify important functional deficits that accompany 

all these diagnoses. 

 

Figure 1. The timed up-and-go (TUG) test of physical function. 
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The TUG is also commonly used to evaluate treatments prescribed for these 

medical conditions. For example, the TUG was used in a study to confirm that 

methylphenidate treatment of older adults with diminished executive function improved 

their mobility and gait stability, decreasing their risk of falling (20). The TUG has been 

used to make ongoing assessments of the improvements made in the quality and speed of 

stroke patients’ walking after therapy (10). In the case of Parkinson’s disease, the TUG is 

one of several low level mobility challenges that can be used to assess the patients’ 

functional capacity and the progressive slowing down of movement that occurs in the 

later stages of the disease (21). 

In fact, the TUG’s use in evaluating Parkinson’s disease is one reason why 

instrumenting of the test with sensors could improve its utility. Even mildly affected 

Parkinson’s patients who do not have noticeable gait impairments, have impaired turning 

and the turning component of the TUG is more useful than other tests when this difficulty 

is suspected (9). Parkinson’s patients typically have a longer duration of the first turn step 

perhaps due to greater difficulty in the initiation rather than the termination of the turning 

action (9). Instrumenting the TUG with wearable sensors allows the turning part of the 

TUG, including duration of the turn, number of steps, peak speed of turn as well as total 

TUG time, to be measured, which would be a great value for evaluating treatments for 

Parkinson’s. 

Another common application of the TUG is in the assessment of falls risk (7); 

however, the utility of the TUG in this regard is still uncertain for chronic obstructive 

pulmonary disease patients, although deficits in balance are known to exist in these 

patients. For ambulatory patients with chronic stroke, the TUG test can be used to assess 
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risk of falls and changes in mobility (22). The assessment of risk of falling provided by 

the TUG for chronic stroke patients is associated with the risk of tripping and lower limb 

kinetics during hip and knee flexion and ankle dorsiflexion of swing phase (22).The TUG 

test was found to be more useful at ruling in rather than ruling out falls in individuals 

classified as high risk with TUG scores more than 13.5 seconds; however, logistic 

regression analysis indicated that the TUG score was not a significant predictor of falls in 

community dwelling older adults (5). The clinical TUG test may therefore have limited 

ability to predict falls in community dwelling elderly and should not be used in isolation 

to identify individuals at high risk of falls in this context (5, 8). This may be because 

there is more than a single pathology contributing to mobility impairment in the elderly 

and the net effect can either be putting them at risk for falling or simply slowing their 

movement. Improvements to the TUG are necessary in this regard, especially for 

assessing performance on the various motor task phases of the TUG. 

Part of the elegance of the TUG is in the simplicity: it expresses a patient’s ability 

to perform a short series of tasks as a single value (total time in seconds or TUG time). 

Because of this it has been convenient for researchers to use the TUG in conjunction with 

other physical function tests (23). However, the current clinical version of this test, done 

with a stop watch, is not able to document the time required to perform the six “phases” 

that make up the TUG activity as shown in Figure 1:  Sit-to-stand (chair #1), walking 

away (walk #1), turn while walking (turn #1), walking back (walk #2), turning to sit (turn 

#2), and stand-to-sit (chair #2).  

Different patient populations are likely to perform differently during these phases. 

As such, the observer-based TUG test is neglecting a lot of potential information that 
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could better inform the clinician in managing his or her patient’s therapy or measuring 

progress, such as sit-to-stand times and stand-to-sit times, which may be useful for 

predicting fall risk (15). 

Attempts have been made to overcome the deficiencies of the TUG by placing 

gyroscopes (24) and accelerometers on the subject’s bodies (17), enabling the 

measurement of each phase of the TUG.  Comparison of the traditional stop-watch TUG 

and a TUG enhanced with an accelerometer to detect the sit-to-stand and stand-to-sit 

phases, showed that only the instrumented test was able to detect a difference between 

faller and non-faller groups (17). This latter finding is consistent with previous reports 

which found that stopwatch derived TUG duration is not always a sensitive marker of fall 

risk among relatively healthy older adults (17).  

More recent attempts have utilized the combination of accelerometers and 

gyroscopes (IMUs) to quantify phases of the TUG, with a good degree of success. These 

studies focused more on evaluating whether an instrumented TUG could differentiate 

between faller and non-faller populations (8-20) and also evaluation of a smart-phone 

IMU to instrument the TUG (25, 26). Despite encouraging results, none of these studies 

have validated their measurement system’s performance against an accepted gold 

standard. Although there is a study (27) that refers to using a “gold standard”, this 

particular standard validated laboratory device (26) was a very small IMU (28). One 

advantage of using Vicon over this device is greater accuracy. More details of the nature 

of research with Vicon are presented in the next chapter.  
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1.2 Research Objectives and Approach 

The objectives of this research were: 

1) To develop a protocol for acquiring IMU measurements in synchrony with a 

“gold-standard” optoelectronic motion capture system, during normal and slow TUG 

tests at two common walking distances (3m and 5m) used in the clinic, and;  

2) To validate a computer algorithm for quantifying the durations of each of the 

six motor tasks or “phase”, in addition to the total TUG time, from IMU sensor data 

during a standard clinical TUG test, relative to the phase durations measured with the 

gold standard optoelectronic system. 

It was proposed that a tri-axial accelerometer and gyroscope (inertial 

measurement unit or IMU) on the center of the back can detect the relevant information 

needed to parse the TUG activity.  

Considering the wide use of the TUG in both basic and experimental research and 

in clinical practice (17) this research is intended to result in a commercial system with 

significant impacts on falls research and clinical practice aimed at standardized 

evaluation of mobility status in patient populations such as the frail elderly (17) and 

others. There will be benefits in terms of enabling the collection of objective and reliable 

data for researchers and clinicians and also benefits in terms of better routine observation 

for physical therapy interventions in a wide range of patient populations (29-31). The 

system could also be valuable for conducting large-scale multi-site clinical trials of new 

treatments for stroke, Parkinson’s, dementia, arthritis, etc. all of which use the TUG as an 

outcomes measurement (8-20). 
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Chapter 2: Literature Review 

Wearable sensors are becoming increasingly prevalent in the field of rehabilitation 

research. These small, unobtrusive and power efficient electronic devices can be easily 

donned and doffed, and can be used to capture important kinematic and kinetic events 

during human movement (32). Wearable sensors have long been used to measure human 

movement, the most common being accelerometers, gyroscopes and goniometers (33). 

Modern wearable sensors are small, light and robust (33), and also have low power 

consumption and can be worn comfortably (34). Characterization of pathological gait by 

inertial sensors has traditionally been based on the calculation of temporal and spatial gait 

parameters, such as walking speed and cadence, but can identify more subtle gait 

deviations such as those associated with musculoskeletal injury (13). With more rigorous 

data processing inertial sensor gait research may also be used to investigate ailments such 

as early onset knee osteoarthritis which alter joint angular kinematics and kinetics more 

so than temporal or spatial parameters (13). 

2.1 Mechanisms of Balance Loss and Falling 

In the USA, fall related injuries among persons over the age of 65 cost 20 billion 

dollars per year (35). Falls can reduce mobility self-efficacy, self-sufficiency and self-

confidence (35, 36). There are about 270,000 hip fractures in the USA each year in older 

adults caused by falls (14). Fall-related injuries cause social economic losses and 

individual suffering (14). The mechanisms that lead to falls are multifactorial (37). Fall-

related costs in Germany are estimated to be 0.85 % to 1.5 % of the total health care 

expenditures, and 0.07 % to 0.20 % of the Gross Domestic Product is spent treating 
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patients injured from falls (38). The average costs for each fall victim ranged from $2,044 

to $25,955 USD, with the average costs per fall ranged from $1,059 to $10,913 USD, and 

per fall-related hospitalization ranged from $5,654 to $42,840 USD (38).  Because falls 

are a relevant source of economic detriment to society as a whole, efforts should be 

directed at fall-prevention programs aimed at reducing fall-related fractures, which 

contribute substantially to fall-related costs (38). 

Slips are a major contributor to falls and fall-related injuries in the adult 

population as a whole. Up to 66% of fall related fractures occur on wet or slippery 

surfaces (14). However, Robinovitch and colleagues at Simon Fraser University recently 

used video footage of 227 actual falls in nursing homes to show that falls in this 

population most commonly occur during the weight transfer portion of a movement task 

(39). Slips (3%) or trips (21%) played a much more minor role than weight transfer 

(41%) in explaining fall mechanisms. Weight transfer movements that resulted in the 

most falls occurred when attempting to sit, during gait and when attempting to initiate 

gait. The TUG should be sensitive to deficits in these movements and therefore might 

explain its apparent ability to identify those at risk of falls who are already hospitalized or 

have mobility impairments (8-20). 

While distinguishing more of the phases of the TUG than Sit-to-Stand and Stand-

to-Sit with accelerometers alone has not been done, there have been instances of 

obtrusive instruments assessing fall risk (35). A device with three mono-axial 

accelerometers and three gyroscopes mounted on an individual’s lower back can have the 

outputs pass through a clustering algorithm and predict fall risk (40). Pelvic and Head 

accelerations as measured by acceleration sensors can be used to predict fall risk (41). Six 
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accelerometer/gyroscope pairs mounted on each knee, ankle and heel and integrated with 

the measurements of ten infrared markers by a six camera ProReflex motion analysis 

system can distinguish the motion impaired elderly from healthy volunteers (42). 

2.2 Components of the TUG 

The TUG is a balance assessment tool proven to be reliable and valid for patients 

with and without disabilities (13) (31). The TUG test includes the following mobility 

skills: rising from and sitting to a chair, turning around while walking, walking along a 

straight path and initiating and stopping gait (43). Measuring the time taken to perform 

the individual phases of the TUG allows recording of standardized spatio-temporal 

parameter of gait and balance to deliver more detailed insights into the patient’s abilities 

and enables the discovery of the reasons why these parameters might have changed (43). 

Research in these three domains of mobility is described below as they relate to assessing 

physical function in the clinic or motion laboratory.  

2.2.1 Chair rise 

The act of rising from a chair can be divided into four parts. The first part initiates 

when motion of the trunk begins and ends just before the buttocks leave the seat, the 

second from the time the buttocks leave the seat to when the maximum ankle dorsiflexion 

is achieved, the third from when maximum ankle dorsiflexion to when the hips begin to 

extend and the fourth from when the hips begin to extend to when rising is completed 

(44). The sequence is reversed when transitioning from standing posture to a seated 

posture. 
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The act transitioning from a seated to a standing position, or vice versa, requires 

torso strength, lower limb strength, coordination of movement (36) and joint range. When 

a healthy person rises from a chair, the upper body transfers forward momentum to 

vertical momentum and continued forward momentum when the buttocks are lifted from 

the chair, in one continuous and smooth movement, whereas in older adults with 

functional limitations, the trunk is often flexed forward first to position the center of mass 

over the feet before lifting off the seat, which requires more time to execute (36). 

The beginning and end of each of the sit-to-stand and stand-to-sit events can be 

defined as the output of the anterior-posterior acceleration returning to a flat line (17). By 

analyzing both sit-to-stand and stand-to-sit in terms of the time between the beginning to 

the maximum of the peak and the time from the maximum of the peak to the end, it was 

found that the recorded periods of time and the amount of jerk during these periods 

differed between fallers and healthy controls (17).  

The sit-to-stand motion of the body involves eccentric contractions of the 

quadriceps to control lowering of the body to a seated position (45). The biomechanics of 

transitioning from standing to sitting has received much less attention than rising from a 

chair, but a simulation study suggests that for prostheses to use power collected from the 

motor during stand-to-sit and sit-to-stand transitions to conserve energy and lengthen 

battery life the hips are better sites from regenerative power collection than the knees or 

ankles (46).When a body worn accelerometer monitors anterior-posterior acceleration 

during the TUG from a position on the lower back, the output will spike during the sit-to-

stand and stand-to-sit events (17). 
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In summary, increased sit-to-stand and stand-to-sit time is an indicator of 

weakness and frailty, and therefore measurement of these times during the TUG may be 

useful for identifying those in need of strength and/or functional training.  

2.2.2 Gait 

Gait is characterized by consecutive bilateral stepping cycles, each of which 

begins with a heel strike, the leading limb taking over the weight by putting the whole 

foot on the floor, a double support phase with both feet on the ground, the heel leaving 

the ground and the body being propelled forward so that the heel of the other foot strikes 

the ground (47). 

To accomplish the study of human gait with maximum effectiveness, all possible 

means of observing it must be considered before choosing the most appropriate for a 

given situation. Recognition of the beginning and end of gait and other human activities 

can be achieved with inertial sensors as well as vision based systems (48). Either one can 

be chosen by a researcher or clinician for experiments or diagnostic purposes. The ability 

to understand the quality of a person’s gait is very important. Walking is one of the most 

common functional tasks in daily life and because regaining a normal gait pattern is one 

of the most important goals to influence a patient’s satisfaction with a program designed 

to rehabilitate an injury such as a damaged anterior cruciate ligament, the classification of 

normal gait by pattern recognition of the kinematic and kinetic gait data is one of the 

most important applications of pattern recognition to kinesiology (49).  

There are other more specific reasons for the importance of gait analysis in certain 

studies. Comparison of the similarities between two gait patterns can be useful for 
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excluding individuals from a group of subjects in forensic gait analysis (50). Comparison 

of human gait with animal gait can help us speculate about the evolutionary origins of the 

human skeleton, ligaments, tendons and other structures necessary for gait (51). 

To give the reader an idea of what gait is and how its parameters correspond to 

body movement, a simple example is to state that each step taken while walking can be 

identified allowing the total number of steps taken to be counted by the cyclic peaks in 

the signal of an accelerometer mounted on the lower back in the plane of the direction of 

the subject’s motion (52). Any period of gait can be divided into a series of more specific 

individual events called strides. A stride can be defined as the events taking place 

between when one foot hits the ground and when the other foot hits the ground, whereas 

a step begins with a footstrike and ends with the footstrike of the opposite foot (53). The 

detection of walking can also be achieved by extracting the periodicity of torso pitch 

angles from the signals of chest-worn accelerometers and gyroscopes (54).  

There are also other parameters of human movement whose measurement can be 

analyzed in such a way that a machine’s output can be interpreted to create the 

information for a report on the quality of a person’s gait that a vision based system of 

observation would. In addition to anterior-posterior acceleration, vertical acceleration can 

also be used for step detection since this signal also displays prominent peaks with each 

step (53). The period of each gait cycle can also be measured by the orientation given by 

a magnetometer (54). Body mounted inertial sensors can be used to distinguish near falls 

from normal gait as well as from other normal daily activities (55). 

Information collected on human gait has important implications for health. In 

older adults who fall, improvements in executive function correlated with increases in 
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gait speed and physical activity and with the maintenance of instrumental daily activities 

over follow up (56). There is increasing evidence that gait speed is promising as a simple 

test to inform clinicians about chronic obstructive pulmonary disease patients’ functional 

aspects (57). Slow gait speed in patients who have experienced myocardial infarction was 

associated with increased risk of future cardiovascular events (58). However, the 

discrimination and predictive validity of gait speed as a tool to identify the risk of falls 

among community dwelling older adults has not yet been established (59). It has been 

found that there is no correlation between fast walking and instability in the elderly (60). 

In elderly women, greater fall risk is associated with increased gait variability when 

multitasking more than in men (61). 

Indeed, gait parameters found to be useful for calculating fall risk with a body 

mounted accelerometer while performing the TUG includes gait speed and other simple 

gait metrics (17).  

2.2.3 Turning 

When a healthy individual turns during walking, the task of turning is composed 

of a sequence of deceleration of gait speed, adjustment of gait parameters and 

reorientation of body parameters (62). The gait parameters adjusted and made 

asymmetric during the turn to redirect the center of mass towards a new direction are step 

length and step width (63). Anterior-posterior and medial-lateral ground forces change 

before the individual turns to slow down the walking speed (64). Staggering or loss of 

balance while turning, absence of pivoting during turning, taking 5 or more steps to 

complete the turn and taking more than 3 s to complete the turn are all indicators of 



 

14 

 

turning difficulty (65, 66). Turning time is thus an important measurement of dynamic 

balance and postural stability. 

2.3 Measurement Tools for the Instrumented TUG 

As described above, overall performance on the TUG is a reflection of strength, 

quickness of movement, and dynamic stability, each of which is captured by the various 

phases of the TUG test. Quantifying these phases could therefore be important to 

interpreting the results of a TUG test, but this requires a measurement system that is 

compatible with a clinical environment. Wearable sensor systems for health monitoring 

are an emerging trend in preventative and rehabilitative medicine (37). Described below 

are some of the commonly used sensors for applications in mobility assessment. 

2.3.1 Goniometers 

The angle between two human body segments can be measured by means of a 

flexible goniometer monitoring the change in the physical signal resulting from angular 

change (67). Goniometers measure angles, usually with one degree of freedom (68). 

Dynamic performance of a bend sensor can be evaluated by bending it through the 

intended range of motion at more than one speed (68). The reliability of a bend sensor 

can be determined by calculating the Pearson correlation coefficient between two 

independent measurements (68). The validity of bend sensor recordings can be confirmed 

by measuring the same motion with a different instrument (68). Cameras can be used to 

record the locations at which the boxes of the shape sensor are affixed (68). The 

advantages of using a goniometer to measure body motion is that they are light weight, 
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flexible, immune to electromagnetic interference, sensitive and reliable, without applying 

a large mechanical load (69).  

A fiber optic goniometer mounted in the fabric of a wearable system surrounding 

a knee joint, with polarization controlled by rotation of contiguous portions of the fiber, 

where controlled birefringence is induced by joint rotation has been shown to be 

extremely effective and useful for measuring the knee joint angle range (70). A wearable 

low-cost fiber optic curvature sensor mounted on the lateral side of a subject’s leg has 

been shown to measure a subject’s knee angle suitably for medical and sports 

applications (71).  

Damage to the cladding surrounding a fiber optic goniometer’s fibers will result 

in an increase in the bending error that occurs when the angle of incident light from the 

source is greater than the critical angle of the fiber (72). Each fiber optic goniometer has 

a “linear range” of angles through which it can be bent. If the bend in the goniometer 

goes beyond this range, the sensitivity will decrease. Also, because bending in the lead-in 

and lead-out sections of the fiber that do not strongly bend can cause error, there should 

be a minimum bend radius for each manufacturer. The signal will be attenuated and 

unreliable if the angle is below this minimum (71).  

2.3.2 Accelerometers 

A tri-axial accelerometer is an inertial sensor that senses accelerations in all three 

spatial directions implying that it has three sensitive axes along which it can measure 

acceleration (67). Modern MEMS (micro-machined electro-mechanical system) 

accelerometers contained inside of silicon chips have intermeshing comb-like structures 
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with one set of the intermeshing bristles attached to the device’s housing and the other 

attached to a free swinging seismic mass tethered to the housing with thin flexible silicon. 

Each set of intermeshing bristles forms a differential capacitor and when the mass moves, 

the free bristles move relative to the fixed bristles causing current to flow. The voltage 

drop resulting is therefore directly correlated to acceleration. This proof mass deflects 

upon acceleration and allows acceleration to be measured electrically based on its 

displacement from the reference frame (67). Capacitive accelerometers have higher 

stability than piezoelectric accelerometers (67). The sensitivity of an accelerometer is 

usually given as plus or minus a certain number of grams specific to a certain voltage to 

force ratio (73). When filtering the data of a tri-axial accelerometer for potential 

algorithm development, maximum peak, minimum peak, mean and standard deviation of 

all three axes are of interest (24). Algorithms can be developed for automatic self-

calibration of accelerometers (35). If accelerations detected by body-worn sensors during 

gait are stable and rhythmic, they will have patterns that repeat in multiples of two within 

each stride (41). If acceleration patterns do not repeat in multiples of two, they indicate a 

problem during gait (41). 

Accelerometers have been used for gait detection and computing gait parameters 

such as cadence, step timing and symmetry (52). Shank and thigh mounted 

accelerometers have been used to detect gait events such as heel-off and toe-off and can 

substitute for a goniometer in measuring knee angle (47).  It is possible to create an 

accelerometer based fall detection system integrated into a smart building (74). 

Accelerometers have been found to be reliable for the assessment of gait parameters and 

their placement on the lower lumbar spine is recommended for gait assessment, the pro of 
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which is minimization of sensors and the con being inability to directly sense left or right 

(75). It has been discovered that there are differences between the trunk accelerometry 

(that is the accelerations read by a sensor mounted on the trunk) of frail and non-frail 

elderly persons performing an extended version of the TUG test (24). 

2.3.3 Gyroscopes 

Gyroscopes measure angular velocity or rate of turning. Modern MEMS 

gyroscopes are based on the Coriolis effect (67). MEMS gyroscopes have two masses 

inside constantly oscillating in opposite directions. An applied angular velocity causes the 

Coriolis effect to act on each mass in opposite directions resulting in capacitance which 

can be converted to an output voltage (67).  If the linear motion from the Coriolis is 

detected and the gyroscopic signal is integrated, the angular rate can be obtained (67). 

Gyroscopes based on other physical principles, such as electronic, microchip packaged 

MEMS gyroscope devices, solid-state laser rings, fiber-optic gyroscopes and quantum 

state gyroscopes also exist (67). 

Wearable sensors including gyroscopes used for sensing human gait, have been 

used more specifically to measure gait parameters, identify movement disorders, assess 

surgical outcomes, provide feedback to change a specific aspect of pathological gait and 

to reduce joint loading (33).  

In the case of a tri-axial gyroscope, the three angular velocities can be used to 

calculate the rotational kinetic energy of a body segment (40). If multiple synchronized 

accelerometers, gyroscopes and magnetometers are worn by a single subject, the signals 

can be combined with models of human body movement and whole body joint 
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kinematics, spatial and temporal gait characteristics and many aspects of balance control 

can be accurately measured (76). It is possible to integrate the results of body-worn 

accelerometers and gyroscopes to assess fall risk using non-linear dynamics (42). The 

sensitivity of a gyroscope can be given as a ratio of voltage to angle (73). 

It has been demonstrated with sensors containing a tri-axial accelerometer and a 

tri-axial gyroscope that when the sensors are worn on the patient’s tibias during the TUG 

test, changes in the output will have a strong association with declining balance in higher 

functioning older adults that were part of the experimental sample (77). A wearable 

device measuring acceleration and angular velocity on subjects’ trunks was validated 

with Vicon as being a clinical tool when used with an associated test for fall risk (40). 

The combination of gyroscopes and accelerometers within the iPhone 4 has been 

validated for evaluation and identification of kinematic patterns in an extended version of 

the Timed Up and Go Test (26). 

2.3.4 Inertial Measurement Units (IMU) 

Although studies have shown some success in identifying components of the 

TUG with using only an accelerometer or only a gyroscope, the TUG is composed of 

both impulse movements that are rotary and translational, and so use of both 

simultaneously is more likely to generate sufficient information to identify the phases of 

the TUG. The IMU was designed to simplify the sensor system when both are desired, 

and outputs three accelerometer and three gyroscope signals, which correspond to the 

same coordinate system, as well as magnetometer readings that give tilt angles (relative 

to gravity). 
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When motion analysis is done in conjunction with the TUG using accelerometers 

and gyroscopes fixed on the body, the 3D linear accelerations, angular rates and angular 

positions from the sensors can be used to calculate motion parameters such as step 

frequency, step asymmetry and trunk sway (24). Step frequency, step asymmetry and 

trunk sway can be calculated with algorithms once 3D linear accelerations are known 

(24). An inertial sensor can be used to derive motion parameters from a battery of 

movement tasks including walking and transfers such as sit to stand and get up and go 

(24). A Microstrain IMU has been used for comparison to a proposed sensor system on a 

drone (78). Individual inertial sensors are vulnerable to vibration as a source of error (78). 

Multi-Sensor Instruments such as the IMU aim to allow data to be fused to overcome the 

limitations of individual sensors and provide accurate, robust and reliable estimates of the 

properties measured (79). A Microstrain IMU has been used for the navigation and 

positioning of an autonomous robot system (79). 

Inertial sensors have been used in human motion analysis to assess fall risk (80). 

One way to accomplish this is using them to measure medio-lateral and antero-posterior 

postural sway length and velocity as measures of postural stability that represent trunk 

movement during static standing (80). Vicon cameras measuring the trajectories of retro-

reflective markers have been used to validate the use of magnetic and inertial 

measurement units in obtaining 3D body segment orientation (81). Accelerometers and 

Magnetometers within IMUs can be used to limit drift errors in the gyroscope data (81). 

Combining the sensor data from accelerometers, gyroscopes and magnetometers with an 

IMU can improve individual deficiencies (82).  A magneto-inertial sensor can be used to 

estimate pose in 3D space by reconstruction of skeletal movement (83). A long term 
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recording unit with inertial sensors has been used to predict future falls in people with 

dementia (84). Researchers using IMUs with tri-axial accelerometers as inclinometers 

have found that the tri-axial accelerometer signal is well suited for studying both the 

rotational and the linear body kinematics (85). Researchers (118) were recently able to 

create an algorithm processing IMU data for human motion segmentation with a 

segmentation error of 0.2 s. 

2.4 Summary of Literature Review 

Gait and balance during standing, are necessary but complex activities, important 

to various human activities and quality of life. Risk of falling can arise due to a multitude 

of causes. The TUG, while simple, appears to be sensitive to the risk of falling in patients 

with a variety of conditions, most notably mobility impairment from several common 

musculoskeletal and neurological disorders, as well as cognitive functioning (72-90). Due 

to the large amount of literature on the TUG, a detailed review is provided in the 

Appendix III.  

In summary, it is shown above that the TUG requires at least three domains of 

physical functioning as represented by ability to rise from and sit to a chair, ability to 

walk a distance, and ability to turn, and that simple metrics derived from these actions, 

such as the amount of time required to execute the motor task, are important and 

potentially useful to a clinician. Furthermore, because all these motions are impulsive in 

nature, both in terms of linear motion and angular motion, an IMU placed on the torso 

should capture all the relevant information needed to quantify performance of the motor 

tasks that make up the TUG. 
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What is important to know here is that the TUG is currently only used, both in 

practice and research, to answer the “what” question regarding mobility impairment; for 

example, a TUG time > 13.5 s (73) correlates with fall risk. Until recently, the TUG has 

not been used to answer the “how” question; that is, what aspect of the pathology or 

medical condition is elevating the fall risk? Several studies discussed above and in 

Appendix III show that wearable sensors can be used to extract this additional 

information from a routine test performed anywhere. It is critical however to validate this 

approach, and the methodology below explains how this was accomplished. 

 

  



 

22 

 

Chapter 3: Methods 

To accomplish this thesis, it was necessary to develop a protocol for synchronously 

acquiring IMU and Vicon measurements at both speeds and distances and validate an 

algorithm for quantifying the time spent on each specific set of motions or “phase” that a 

person needs to perform in order to complete the TUG. This was done both with the IMU 

to be tested and with a Vicon optoelectronic motion tracking system as the “gold 

standard” against which the IMU was compared. This was done to determine the level of 

measurements error of the IMU and to determine whether or not it provided valid 

measures. Statistical techniques were used on the data to perform the validation and reach 

a conclusion about whether the IMU was sufficiently accurate for the first step in the 

industrial evolution of TUG phase detection. 

The experimental protocol was iteratively developed from previous experiments 

(32) using Vicon as the gold standard while modeling a clinical setting with a “fast” 

moving speed for subjects performing the TUG as well as a self-selected normal pace 

since subjects in a clinical setting are asked to perform the TUG as fast as possible.  

Going forward in various iterations, modifications included replacement of the 

trials with the subject’s moving speed “fast” with a “slow” speed for which the subjects 

were instructed to move at one half their “normal” pace. The reason for this was that the 

majority of potential beneficiaries would likely have conditions that would have a slower 

than normal gait potentially close to twice that of the healthy subjects being used to 

simulate them. Trials were added in which a subject was asked to move at “normal 

speed” during the TUG except during a specific component: for “slow chair” trials, 

subjects were asked to rise from a chair slowly and sit down slowly; for “slow gait” trials, 
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subjects were asked to move slowly during the two walking periods; for “slow turn” 

trials, they were asked to perform the turn slowly. 

3.1 Development of the Experimental Design and Protocol 

Before presenting the methods used in the final design of this experiment, a brief 

explanation of the process taken to achieve this design will first be summarized. Because 

there is very little published literature on validating sensorized “physical function” tests, 

such as the TUG, the experimental design and protocol had to be developed from the 

ground up, with the goal of arriving at a well thought out and thoroughly vetted protocol 

that would yield high quality results. The primary questions were:  

1) What sensors would be most responsive and easiest to use for detecting the 

relevant motions of the TUG test, and where on the body should they be placed? 

2) What reflective marker arrangement should be employed for using a motion 

analysis system to provide the “gold standard” measurement of TUG phases? 

3) What testing conditions of the TUG test ensure the results are as relevant as 

possible to how the test is used in clinical practice and research? 

4) What components of the TUG should be selected for detection to provide 

enough information to identify deficits in different types of human movement tasks? 
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3.1.1 Selection of Sensors and Sensor Locations 

The center of the subject’s chest and the subject’s right shoulder were tried as 

potential locations for an accelerometer with the intention that one accelerometer would 

be enough to detect any events that could not be deduced from the output of the 

goniometer measuring the knee angle of 

the subjects right leg. Although 

positioning the accelerometer on the right 

shoulder (Figure 2) created the possibility 

for detecting turning events it also 

introduced wobble. In the end, neither 

positioning of the accelerometer was 

adequate and the idea of using an IMU’s 

multiple gyroscopes and accelerometers to 

detect all events without needing the 

goniometer became appealing. The 

goniometer was initially still included in 

the hopes of extracting additional gait data. 

The IMU was mounted on the 

center of the subject’s back with strings that went through the recesses on the sides. The 

accelerometer was fixed on top with double-sided tape. The goniometer was bound to the 

lateral side of the right leg with neoprene straps with Velcro grips. 

Figure 2. Original marker set with 3-axis 

accelerometer on shoulder. 
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3.1.2 Selection of a Marker Placement Configuration 

Initial tentative experiments were done with 39 markers covering the subject’s 

entire body (Fig 2) in case full body gait analysis was necessary to detect events.  

When it was determined that there would not be opportunity for analysis of gait 

parameters with the goniometer data (due to 3 m being too short a distance), it was 

implicit that calculation of knee angle with Vicon markers also wasn’t necessary. 

A total of six infrared markers were used: One on each shoulder (acromion 

process), one at the base of each great toe, and one on each heel. All were held in place 

with double sided tape. These were all marker positions that were included in the initial 

marker set of 39 marker positions. 

3.1.3 Selection of Experimental Design Conditions 

Initial experiments were performed with subjects starting close to the center of the 

Human Performance Lab (within the field of vision of Vicon’s cameras) and walking in 

the direction of the door at normal speed and at a faster speed. This was done because 

some clinicians instruct subjects to do the test as fast as possible (27). Fast walking made 

no sense because the test will likely be used on subjects walking more slowly than 

healthy subjects because of a malady. Their slow speed was to simulated slow walking 

healthy subjects. 

Subjects (healthy adults) wore a provided tank top and shorts, no shoes or socks 

and began the TUG sitting on a 45 cm high, armless, backless chair with a shim inserted 

to keep the knees at 90 degrees of flexion if the subject was tall enough to make this 

necessary. The walk distances were indicated by pieces of tape on the floor. The chair 
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was immediately in front of the force plates in the center of the motion analysis lab for 

the 3 m trials and a short distance back from it in the 5 m trials. 

3.1.4 Selection of TUG Phases to Identify 

The phases of the TUG are separated by specific events.  It was optimistically 

hoped that the initial two instrument experimental set up could be used to characterize the 

phases of the TUG in great detail and exactly measure their time periods by detecting 20 

distinct events that separate them from each other (Table 1). It was determined that of the 

20 events that were initially goals of detection only those that did not include gait 

initiation or gait termination would be targeted for detection. Those seven events and the 

six phases that they punctuated are shown in Table 2. 

The six phases of interest that the total TUG time will be divided into are: 1) The 

time from beginning of motion to the time the subject has finished standing; 2) The time 

from when the subject has finished standing to when they have begun to turn; 3) The time 

from the beginning of the first turn to the end of the first turn; 4) The time from the end 

of the first turn to the beginning of the second turn after they’ve walked back to the chair; 

5) The time from the beginning of the second turn to the end of the second turn, and; 6) 

The time from the end of the second turn to when the subject has stopped moving after 

sitting down, completing the TUG. 
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Table 1. Ten phases of the TUG originally investigated. 

Phase Start event End event 

Sit to Stand start of sit to stand end of sit to stand 

1
st
 Gait Init. start of the first gait initiation end of the first gait initiation 

1
st
 Gait Period start of the first gait period end of the first gait period 

1
st
 Gait Term. start of the first gait termination end of the first gait termination 

1
st
 Turn start of the first turn end of the first turn 

2
nd

 Gait Init. start of the second gait initiation end of the second gait initiation 

2
nd

 Gait Period start of the second gait period end of the second gait period 

2
nd

 Gait Term. start of the second gait termination end of the second gait termination 

2
nd

 Turn start of the second turn end of the second turn 

Stand to Sit start of stand to sit end of stand to sit 

 

Table 2. The seven detectable events and associated six punctuated phases. 

Phase Start event End event 

Sit-to-stand The start of sit to stand The end of sit to stand 

Gait #1 The end of sit to stand The start of the first turn 

Turn #1 The start of the first turn The end of the first turn 

Gait #2 The end of the first turn The start of the second turn 

Turn #2 The start of the second turn The start of stand to sit 

Stand-to-sit The start of stand to sit The end of stand to sit 
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3.1.5 The Final Design 

The final design consisted of a simplified marker set consisting of: 

1. Optimal sensor arrangement: A commercial IMU Inertial Measurement Unit from 

Microstrain, the 3DM-GX1 worn on the mid-back of the torso was the best location 

for testing subjects during a TUG test, and the knee goniometer (ShapeSensor, 

Measurand Inc.) was also included, although was ultimately found unnecessary for 

detecting TUG events. Nevertheless, the data acquired may be used in the future for 

providing more detail on gait parameters. 

2. Minimal marker set: Reflective markers on each shoulder and each heel and each 

great toe were found to be sufficient for detecting all the relevant events of the TUG, 

and significantly reduced experimental set-up and post-processing time. Ultimately 

the shoulder markers alone were able to identify all events of the TUG, but feet 

markers will be required for future work for validating gait parameter estimations. 

3. Clinically Relevant Protocol: The 3m and 5m TUG distances were originally 

proposed, and maintained in the final design due to establish “normative” phase 

duration values for both testing distances. The normal speed trials were also 

maintained and the decision to use artificially slow trials instead of the “fast as you 

safely can” trials, is arguably more valuable than adhering perfectly to the clinical 

instructions that would be given to patients who undergo testing. Also, the addition 

of the “slow component” trials to mimic a deficiency in one type of movement 

(chair, gait, turn) was explored as a way to assess the instrumented TUG’s ability to 

discriminate these relative to the subject’s normal speed trials. 
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4. Informative and Feasibly Detected TUG Phases: Although there were many 

candidate phases for detection, ultimately it was decided to focus on the six most 

important components that essentially cover four important motor activities: rising 

from a chair, sitting down on a chair, walking, and turning. There is a strong 

likelihood that gait initiation could be added to the detection using the goniometer, 

this investigation is planned for future work on this project. 

3.2 Participants 

A total of twelve healthy male and female subjects (six of each gender) were 

recruited by means of a poster and screened (see Appendix 2) to avoid allowing an 

existing impairment to affect the outcome. The first one performed the experiment with 

the sensors turned off, so eleven sets of data were recorded. The study was approved by 

the University of New Brunswick Research Ethics Board (REB case # 2014-008) and 

each volunteer provided informed written consent (the consent form is in Appendix 2) 

according to Tri-council Policy Statement (TCPS2) on research involving human 

subjects.  

Each participant answered a health screening questionnaire. Subjects wore shorts 

and a tank top that exposed the shoulders and did not wear shoes or socks. The following 

sections describe the instrumentation and how it was applied for measuring subjects’ 

motion during the TUG test. 
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3.3 Instruments 

3.3.1 Motion Analysis System 

In order to validate the sensor system’s performance in detecting the phases of the TUG, 

a Vicon Nexus 1.8.x motion capture system with twelve 16 mega-pixel T160 cameras, as 

shown in Figure 3, was used to track body worn reflective markers. 

 

Figure 3. Andrew and Marjorie McCain Human Performance Laboratory, showing the 

positions of the 6 force plates in the center of the lab as well as some of the twelve 

infrared cameras mounted near the ceiling at the periphery of the lab. 

 

As explained above, the markers used in the experiment consisted of both 

acromion processes, and each calcaneus and great toe of both feet. The six reflective 

markers were 14 mm in diameter and were placed on the subject’s skin using double-side 

tape. Kinematic data was collected at a sampling rate of 100 HZ. The error of the system 
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was less than 1 mm for static trials and less than 2 mm for dynamic trials as measured by 

Professor Victoria Chester (personal communication from Professor Victoria Chester). 

Force plate data were not used for this study, although the force plates proved convenient 

for explaining to the subjects where to place their feet.  

3.3.2 Wearable Sensors 

 

Figure 4. Wearable sensors used in the experiment. Left: ShapeSensor
TM

 Fibre-optic 

goniometer used for knee flexion and Microstrain IMU used for measuring 3D torso 

kinematics. A 3-axis accelerometer attached to the IMU was used to provide a 

synchronization signal with the Vicon system. 
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 Two sensors were used in this study. A fibre-optic goniometer (ShapeTape
TM

, 

Measurand Inc. Fredericton NB) was mounted on the right knee to capture knee 

flexion/extension angle during the TUG test (although ultimately the goniometer’s data 

was not used), and a 6-axis IMU (3DM-GX1, Microstrain Inc. Williston, VT, USA) 

positioned on the mid-dorsal surface of the torso using Velcro and shoulder straps (Figure 

4) to capture torso motions during the TUG test. 

3.3.3 Synchronization 

Although the signals output by the goniometer and 3-axis accelerometer were 

analog and therefore could be interfaced with the Vicon system’s Gigabit Digital-to-

Analog (D/A) board, the Microstrain IMU output signals are already digitized due to the 

need to internally process the raw sensor signals to generate acceleration (in units of “g”) 

and angular rate (“deg/s”) for each axis of the sensor (X, Y, Z). Therefore, the IMU had 

to collect and store its data on a separate laptop computer, and therefore had different 

“start” times than the Vicon data files. To solve this problem the 3-axis accelerometer, 

already available for the protocol, was securely fixed and aligned with the IMU back 

plate (as shown in Figure 4 inset) to provide a corresponding signal for aligning the time 

history of the IMU and Vicon motion data. An example of a synchronized trial is shown 

in Figure 5. 
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Figure 5. Synchronization of IMU with Vicon system. Axis alignment of the two sensors 

is shown in the lower left. 

3.4 Protocol 

Before the participant arrived for testing, the Vicon motion analysis system was 

set up and calibrated in the usual manner with the factory provided wand.  The volume 

origin was also set. Electronics for the goniometer, accelerometer and IMU were also set-

up and readied for the participant. 
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Upon arrival, the participant read the consent form and agreed to participate by 

signing the consent form after all their questions were answered. The participant then 

changed into shorts and tank top with exposed shoulders. The six 14 mm diameter 

infrared reflective markers were attached to their skin on each of their acromion 

processes, each base of the big toe and each heel with double sided tape. 

3.4.1 Sensor Set-up 

The shape-sensor was then mounted on the lateral surface subject’s right leg with 

neoprene straps with Velcro lined pockets with the label on the distal box facing inward, 

as shown in Figure 4 (left). The participant then donned a vest with Velcro surface. After 

harnessing the IMU straps around the subject’s arms, the base of the IMU (with mating 

Velcro and the 3-axis accelerometer fastened to the face plate) was attached to the vest 

and the shoulder straps made snug, as shown in Figure 4 (right). 

The BioSI data logger was attached to the subject’s body with neoprene straps 

around the subject’s waist at the center of the back, with the wires attaching the analog 

instruments to the data logger facing up, and Velcro tape to keep it secure and 

unobtrusive during testing. 

3.4.2 Motion analysis testing 

At the center of the floor in the Human Performance Lab are 6 rectangular force 

plates, which are also at the center of Vicon’s cameras range of vision. They are arrayed 

in a 3 by 2 formation, also rectangular, set lengthwise in the direction of the subject’s 

motion.  
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The participant was asked to stand with a foot on each of the two force plates 

forming the middle pair of the rectangle of six, for a 1 sec “static” (the subject remains 

motionless while being monitored) capture trial. This was needed to reference their 

standing shoulder height needed later for marker-based detection of TUG events. Each 

subject was then given 3 minutes to warm up and become accustomed to wearing the 

sensors. 

The participant was asked to sit down on an armless, backless chair of 

approximately 45 cm height as shown in Figure 6. Chair height was adjusted to knee 

height with between 15-20
o
 of dorsi-flexion with greater trochanters approximately 4cm 

from the edge of the seat (36). 

Before each successive trial, the 

participant was instructed sit still for 3 seconds 

and to keep their feet flat on the floor during sit-

to-stand, and when returning to a seated position 

to not shuffle or move about. The participant 

was then asked to start the test at the word “go” 

of the verbal queue "one two steady go". Data 

collection was started at the word “one” to 

ensure a quiescent period prior to start of 

movement. The participant completed the test 

by rising from the chair, walking the set distance 

as marked with a taped × on the floor and 

Figure 6. Chair rise protocol to 

standardize the test. 
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returning to the seated position, as defined earlier for the TUG test. A total of 12 dynamic 

trials were performed at two distance (3m and 5m) and two speeds (normal and slow), 

and a set of “slow-component” trials, as shown in Table 3.  

The two speeds were defined as self-selected or “normal” speed, and a “slow” 

speed that was approximately half the participant’s normal speed. These tests were 

conducted at 3m and 5 m walking distance with 3 repetitions of each. For the 3m TUG, 

the chair was positioned immediately behind the force plates. The subject began the trial 

seated on the armless backless chair with each foot on one of first pair of force plates 

facing the door after zeroing them. For the 5 m, the chair was moved 2 m further back.  

Once a complete set of 12 trials were performed at both distances and speeds, the 

subject was asked to complete 3 more trials for each of 3m and 5 m distances. In the first, 

the subject was asked to perform all the activities of the TUG normally except for rising 

and sitting on the chair, which are to be done at half of the normal pace. In the second, 

the subject was asked to perform all the activities of the TUG normally except for gait 

which is to be done at half of the normal pace. In the third, the subject was asked to 

perform all the activities of the TUG normally except for turning which was performed at 

half of the normal pace. 

After each trial, the subject sat still on the chair for 3 seconds so that the 

accelerometer end point can be found during data processing. An additional standing 

static (in which the subject is motionless and the instruments are checked) trial was 

performed to ensure no slippage of the instruments or markers. 
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Table 3. Experimental data collection trials. 

Trial Description 

3m, normal 3m TUG test, participant instructed to perform the test at their self-

selected speed (repeated 3 times). 

5m, normal 5m TUG test, participant instructed to perform the test at their self-

selected speed (repeated 3 times). 

3m, slow 3m TUG test, participant instructed to perform the test at 

approximately half their self-selected speed (repeated 3 times). 

5m, slow 5m TUG test, participant instructed to perform the test at 

approximately half their self-selected speed (repeated 3 times). 

3m, slow chair 3m TUG test, participant instructed to perform the test at their self-

selected speed, except the chair portions are done slow. 

3m, slow gait 3m TUG test, participant instructed to perform the test at their self-

selected speed, except the gait portions are done slow. 

3m, slow turn 3m TUG test, participant instructed to perform the test at their self-

selected speed, except the turn portions are done slow. 

5m, slow chair 5m TUG test, participant instructed to perform the test at their self-

selected speed, except the chair portions are done slow. 

5m, slow gait 5m TUG test, participant instructed to perform the test at their self-

selected speed, except the gait portions are done slow. 

5m, slow turn 5m TUG test, participant instructed to perform the test at their self-

selected speed, except the turn portions are done slow. 
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3.5 Event Detection 

3.5.1 Gold-standard Detection of TUG Events 

 In order to validate the detection of TUG events from sensor data, a “gold 

standard” measurement is required. Although the test is normally conducted with a stop-

watch, this approach would not be precise enough to time the various phases of the TUG 

and would introduce inter rater variability between Vicon and the IMU. A video camera 

might have been used, but the number of trials and associated burden of reviewing the 

video footage would make this approach unfeasible. The Vicon motion analysis system 

offered the best solution for establishing the gold standard measure of the TUG phase 

transition events. As discussed above, it was found that all six of the TUG phases, as 

defined by the seven events in Table 2, could be located from the shoulder markers. This 

enabled a semi-automatic approach to be applied to locate the events of interest, which 

could then be verified using a custom Matlab program. 

 

Step 1: Detect Start of Sit to Stand and End of Stand to Sit 

Detection of start and end of the TUG test involves finding the times at which the 

torso movement starts during the sit-to-stand (event E1) and when torso movement ceases 

after the stand-to-sit (event E7). 

a) Movement start and end detection is accomplished by first averaging the left and 

right shoulder X (anterior/posterior) displacement shown in Figure 7 (top); 
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b) The resulting displacement curve is then differentiated twice to get the velocity 

VX and acceleration AX (and filtered with a Butterworth low-pass filter, 4th 

order, 6 Hz, zero lag); 

c) Absolute values of VX and AX are then multiplied as shown in Figure 7 (bottom), 

denoted here by VAX as a necessary part of the heuristic and iterative method; 

d) The start and end reference values are found by averaging the first 100 (VAXs) 

and last 100 (VAXe) frames, shown by lines Q1 and Q2; 

e) Start of Sit to Stand is defined as the first time frame where VAX > VAXs + 

1.0x10
5
  mm

2
/s

3
, and; 

f) End of Stand to Sit is defined as the last time frame where VAX > VAXf + 

1.0x10
5
 mm

2
/s

3
.  
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Figure 7. Top: Shoulder X (a/p) marker displacement for left (solid) and right (dashed) 

shoulder. Bottom: 1
st
 and 2

nd
 derivatives multiplied to show the detection of the start (E1) 

and end (E7) of the TUG test, with quiescent start and end Q1 and Q2. 
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Although one could also identify this event simply by detecting a threshold 

change in X displacement, it was found that some subjects tended to shuffle in the seat 

either before or after the trial, making these events difficult to detect using a small 

displacement threshold. By taking the absolute value of the product of the velocity and 

acceleration provides a robust signal for detecting the start and end of the TUG activity, 

and helps to reduce sensitivity to torso shuffling either prior to or after the TUG activity. 

 

Figure 8. Shoulder Z marker displacement is compared to the shoulder height (95% 

standing height) found during a static stand trial to determine the end of sit-to-stand (E2) 

and the start of stand-to-sit (E6). 
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Figure 9. Top: Shoulder Z (m/l) marker displacement used to find the turn by locating 

cross-over of left (solid) and right (dash) shoulders. The difference between right and left 

sides is then used to find the duration of the turns. 
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Step 2: Detect End of Sit to Stand and Start of Stand to Sit 

The next step is to define the end of the sit-to-stand (event E2) and the start of the 

stand-to-sit (event E6). This is accomplished using the vertical Z trajectory of the 

shoulder marker, as shown in Figure 7.  

a) First the shoulder height is computed using the static standing trial, denoted here 

as SHH (shown as the horizontal dashed line in Figure 8); 

b) Right and left shoulder Z coordinates are then averaged, denoted here by ZSH; 

c) End of Sit to Stand is defined as the first frame where ZSH > .95*SHH, and; 

d) Start of Stand to Sit is defined as the last frame where ZSH > .95*SHH. 

Because initial and/or final step may occur simultaneously with end of chair rise or start 

of chair sit, respectively, the threshold of 95% of static height appears to provide a 

consistent approach to detecting the end of sit-to-stand and start of stand-to-sit. 

 

Step 3: Detect the beginning and end of the first turn and the start of the final turn 

The next step is to detect the beginning and end of the first turn (events E3 and 

E4) and the start of the final turn (event E5). Note that the end of the final turn coincides 

with start of stand-to-sit (event E6) which was already defined above. 

a) First the mid-turn time frames are identified from the crossovers of left and right 

shoulder Y (m/l) marker displacement, shown by lines T1 and T2 in Figure 9 

(top); 

b) Then shoulder marker X displacement for left and right sides (Figure 9, bottom) 

are subtracted (denoted here by SDX); 
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c) The separation in left/right X displacement is then used to define the start and end 

of the turn, based on specifying a threshold (THX is average of first 100 frames of 

SDX); 

d) The beginning of the first turn is the first frame prior to T1 where SDX > THX; 

e) The end of the first turn is the first frame after T1 where SDX < THX, and; 

f) The start of the final turn is the first frame prior to T2 where SDX > THX. 

This defines the final three events required to define the key phases of the TUG test. All 

seven events are shown on the left and right shoulder trajectories, and also the foot 

trajectories, in Figure 10. 

 

Figure 10. All seven events superimposed on shoulder and foot marker data. 
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3.5.2 Sensor Detection of TUG Events 

Data shown in Figure 11 illustrate that the sensor signals from the IMU behave 

like impulses that respond to the “perturbation” of rising from/sitting to a chair and when 

turning. The gait portion signal is notably quieter, yet the goniometer signal shown in the 

top left of Figure 11 shows clear knee flexion and extension walking patterns. Therefore, 

only the IMU data will be needed to detect TUG events. Inspection of Figure 11 show the 

forward acceleration (IMU accelerometer Z) and sagittal rotation rate (gyroscope Y) are 

sensitive to the chair rise and chair sit movements, while the transverse rotation rate 

(gyroscope X) is sensitive to turns. The gait phases are then the times between the chair 

and turn phases. 

However, raw sensor signals can be problematic to use for detecting events 

consistently across and within people. Also, in addition to random noise, which can be 

filtered out (as described below), there are signal biases that might occur due to a number 

of reasons, such as variability in sensor alignment with respect to the torso rotational axes 

or drift artefact that can affect signal accuracy. To address these issues the following 

steps were taken to condition the IMU signals for analysis: 

The signals were first filtered with a 4th order Butterworth filter with 10Hz cutoff 

frequency, then zeroed to the mean prior to movement initiation, rectified and raised to a 

high power to amplify the movement segments, while suppressing the quiescent periods. 

The signals were then scaled from zero to unity, and a threshold value specified to detect 

the start and end of each “impulse”. The thresholds and power exponents used are shown 

in Table 4.  
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Figure 11. Sensor channel data during the TUG with the seven marker events 

superimposed for comparison. A) Goniometer signal (knee angle); B) IMU accelerometer 

Z (a/p acceleration); C) IMU gyroscope X (transverse rotation); D) IMU gyroscope Y 

(sagittal rotation). Turns are chair rise “impulses” are clearly defined. 

 

The following logic was then applied to the conditioned signals: 

1) Sensor Event 1:  The start of sit to stand should occur at the beginning of the first big 

peak in the Gyroscope Y indicating rotation about sagittal axis (bending forward) is 

beginning; 

2) Sensor Event 2: The end of rising and the start of the first gait period should occur at 

the end of the first big peak in Accelerometer Z which indicates acceleration in the 

vertical direction has stopped; 
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3) Sensor Event 3: The start of the first turn should be at the beginning of the first big 

peak in Gyroscope X which indicates start of rotation about the transverse axis; 

4) Sensor Event 4: The start of the first turn should be at the end of the first big peak in 

Gyroscope X which indicates end of rotation about the transverse axis; 

5) Sensor Event 5: The start of the second turn should be at the beginning of the second 

big peak in Gyroscope X which indicates rotation in the transverse axis; 

6) Sensor Event 6: The start of the second turn should be at the end of the first big peak 

in Gyroscope X which indicates where rotation in the transverse axis stops; and 

7) Sensor Event 7: The end of stand to sit should occur at the end of the last peak in the 

Gyroscope Y indicating rotation about sagittal axis (leaning backward) is finishing. 

 

Table 4. Event detection parameters used with the experimental data. 

IMU channel Measurement Power exp. Threshold 

Accelerometer Z  Anterior-posterior acceleration 3 0.01 

Accelerometer X  Vertical acceleration 5 0.01 

Gyroscope X  Vertical axis angular velocity 3 0.05 

Gyroscope Y  Sagittal axis angular velocity  3 0.05 

 

An example of the signal impulses is shown in Figure 12, where the trajectories 

representing the left shoulder marker are a dashed line and those representing the right 

shoulder marker are solid. In the graph of Normalized Max the various shading represents 

the different sub-task phases. 
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Figure 12. Marker detected events (top) and sensor detected events (bottom). Signals 

conditioned to identify the impulses representing the movement sub-tasks of turning and 

chair activity. Signals: A=accelerometer and G=gyroscope; Directions for IMU: Z=a/p; 

X=s/i; Y=m/l. 
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3.6 Statistical Analysis 

All statistical analyses were conducted with SPSS (SPSS v22, IBM Corp). 

3.6.1 Overview of Analysis Methods 

 A variety of statistical tests were used in the analysis, including the Analysis of 

Variance (ANOVA), Interclass Correlation Coefficients (ICC), Bland-Altman Limit of 

Agreement (LOA) plots, as well as Student’s t-tests and linear regressions. The primary 

goal was to determine if the TUG phase events and durations measured from sensor data 

are statistically similar to the TUG phase events and durations measured from the “gold-

standard” optoelectronic motion capture system. 

For ANOVA models, the statistical effect being measured is the ratio of the 

explained variance to the total variance (86), and therefore it measures the difference 

between two or more means (the statistical effect increases the bigger the difference). In 

this respect, ICC is different from ANOVA. ICC s express the statistical effect as the 

ratio of the true score variance to the total variance, and therefore measures the similarity 

between means (the bigger the effect the more similar the measures are) (88). Depending 

on the model, ICC can be calculated for consistency or absolute agreement (89). 

However, problems can arise with interpreting ICCs when either the measurement error 

is high or the true score variance is low (87).  

For this reason additional tools are often needed to interpret the findings. Bland-

Altman plots can also be used to measure agreement between two data sets (90). The 

95% limits of agreement (LOA) are used in Bland-Altman plots to visually evaluate 

trends and agreement between trials (88). 
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3.6.2 Validation Analysis 

The analysis required examining both the event time detections (TUG event times) and 

the elapsed time between events (TUG phase durations). The former is a measure of how 

well the two systems correspond in time, and the latter is a measure of how closely they 

agree on the information bracketed by those events (elapsed time as a measure of motor 

performance, for example). 

3.6.2.1 TUG Event Times 

 The analysis of the TUG event times is slightly complicated by the fact that time 

is not a random variable in this experiment, which means that an ICC would not be 

appropriate since the total variance is controlled somewhat by when participants started 

and stopped the test. As such, only the difference between event times (sensor and Vicon) 

could be analyzed. This was accomplished using a paired samples t-test to answer two 

questions: Are the event time errors systematic (relative error is different from zero)? 

and; Are the magnitudes of the errors greater than .5s? 

The relative error of any detected event, if random (due to noise of the human-

sensor system), should average to zero. Therefore, a 2-tailed paired t-test was performed 

for each of the seven events to test the null hypothesis that the average difference is zero. 

However, relative error is not a measure of the average amount that the two measures 

disagree. Therefore, one-tailed paired t-tests on the absolute differences (removing the 

sign) were also conducted, except here we compare the event time difference to a desired 

level of agreement of .25s. A value of .25s was selected based on a desire to achieve 95% 
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confidence boundary in measuring a 10s TUG test (approx. normal time), which defines a 

boundary of .5s, or +/-.25s, from the mean. 

Therefore, a significant difference in relative error will indicate if there is 

systematic error in the event time estimation. If there is also a significant absolute error 

above .25s this will suggest poor performance on detecting the event because the event 

detection algorithm is not performing well. If the relative error is non-significant, but the 

absolute error is significantly more than .25s, this too indicates poor detection 

performance, but due to noise in the data rather than the event detection algorithms.  

Because multiple comparisons (seven events) are required, the significance level 

(alpha=.05) was corrected using a basic Bonferonni adjustment (alpha=.05/7 = .0071). 

3.6.2.2 TUG Phase Durations 

TUG phase durations were computed from subtracting the sequential TUG event 

times to arrive at elapsed time for each sub-task of the TUG (Chair #1, Walk #1, Turn #, 

Walk #2, Turn #2 and Chair #2) and the total TUG time. As with TUG event times it is of 

interest to see if the errors (differences between measures) are random or systematic. 

Therefore a paired t-test was conducted as described above on each of the 6 TUG phases 

and the total TUG time. 

Unlike the event times themselves, the event time differences do result in random 

variables for each mode of measurement (sensor or Vicon). Therefore an ICC is 

appropriate for determining if the TUG phase durations measured from the two systems 

were in absolute agreement. The ICC model used was a mixed 2-way ANOVA for 

absolute agreement (ICC model 2) (91). ICC values above .7 were taken to represent 
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acceptable agreement, between .7 and .5 as poor agreement, and less than .5 as no 

agreement (92). 

 In addition, a linear regression was conducted between the mean of the 

measurement and the mean of the differences. This tests the null hypothesis that the slope 

of the line between the measurement mean and the mean differences is zero. A significant 

slope would therefore suggest that the two quantities are related (proportional bias), 

meaning that the error depends on the measurement value. Such a proportional bias 

would suggest extrapolating the results to the general population of patients tested with 

the TUG would be questionable.  

Bland-Altman plots were also used to allow for visual interpretation of whether or 

not there is a significant difference between the two measures, which also include the 

limits of agreement (LOA) calculated as 1.96*SDb where 1.96 is the z-score for 95% 

confidence and SDb is the standard deviation of the mean of the differences across 

subjects. 

Finally, because the intent of TUG sub-task quantification is to enable clinical 

assessment of the different motor tasks within individuals, it will be important to know 

what changes represent a meaningful magnitude, given that individuals’ performance will 

naturally vary between repeated attempts. Minimal detectable change (95% confidence 

MDC
95

) in performance for each sub-task, and the total task, was evaluated for repeated 

sensor-based measures and also for repeated Vicon-based measures. The MDC was 

computed from the standard error of measurement (SEM) 

MDC
95

 = SEM*√2 *1.96 
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where SEM was found from the within-subjects variance, as reflected by the ICCw of trial 

repetitions 

SEM = SDw*√1 − ICCw 

and where SDw is the within-subjects variance. 

3.6.3 Slow Phase Simulation 

 Human movement disorders that can result in a slow TUG time could be due to 

overall slower movement, but also might be due to one or more abnormally slow phases, 

of the TUG. It may be important, for example, to differentiate between a slow turn time 

versus a slow chair time, because the motor deficits that cause these two different 

functional limitations may be quite different. In order to evaluate if the methodology is 

able to discriminate abnormally slow chair, gait or turn phases, from an individual’s 

normal speed trials, this analysis used the trials where subjects were asked, in random 

order, to perform one of the three main components of the TUG half as fast as normal, 

while performing the other two at normal speed. Due to time limitations only a single 

trial was collected for each of the three “slow component” tests at 3m and 5m. A single 

factor repeated measures ANOVA was used to compare sensor-based duration estimates 

between “Normal” and each of the three slow-component conditions: “Slow-chair”, 

“Slow-gait”, and “Slow-turn”. It was hypothesized that statistical analysis would only 

detect significant differences from “Normal” during the TUG phases associated with the 

slow components.   
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3.6.4 Gender Comparisons 

For the sake of thoroughness, a gender comparison was done. To determine if 

there were gender differences in the sensor system performance, the data for the TUG 

durations were compared between males and females using mixed-model ANOVAs (with 

the instrument type as the one repeated factor and one group factor, gender) for each of 

the four test conditions. 
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Chapter 4: Results 

The results are presented as follows. First, the errors (sensor compared to Vicon) in time 

of detection of each of the seven TUG events presented, Second, the validity of using the 

event times to measure duration of each of the six TUG phases, as well as total TUG 

time, are presented using ICC coefficients, as well as regression, Bland-Altman and 

analysis of minimal detectable change, MDC. Third, the slow component experiment is 

analyzed, and finally differences are examined between males and females. Results are 

presented for each of the different trial conditions (3m normal, 3m slow, 5m normal, 5m 

slow), but trial conditions are not compared to one another.  

4.1 Subjects 

Twelve adult subjects, who identified themselves as 19 years of age or older, participated 

in the study, six males and six females as shown in Table 5.  

Table 5. Participant demographics. 

Subject ID Sex Height (cm) Weight (kg) 

S01 M 173.6 71.3 

S02 F 162.4 52.3 

S03 F 167.7 70.5 

S04 M 167.4 60.7 

S05 F 165.1 92.4 

S06 F 164.7 59.8 

S07 M 184.9 91.2 

S08 F 158.2 54.5 

S09 M 177.5 87.3 

S10 F 157.0 74.7 

S11 M 167.9 57.5 

S12 M 179.5 83.3 

Average (S.D.) 168.8 (8.2) 71.3 (13.9) 
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Data from one of the twelve subjects that participated was completely excluded 

due to technical failure of the IMU. For the slow 5m trials, there was one participant 

whose data was incomplete because the shoulder markers went outside the camera’s 

viewing volume for all of their trial repetitions. Data below therefore reflect n=10 for 5m 

slow trials, and n=11 for the other three conditions. 

4.2 Event Time Detection 

Time differences of event detection from Vicon and sensor data are shown in 

Table 6 and Figure 13. The data in Table 6 shows the relative error and the absolute error 

of sensor detection compared to Vicon detection. The values are time of Vicon events 

minus time of corresponding sensor events, so a positive time difference means that the 

Vicon event occurred on average later than the sensor event, and vice versa for a negative 

time difference. The significance of the error (compared to zero for relative error and .25s 

for absolute error) was tested using a one-sample t-test. For seven comparisons the alpha 

criteria is .05/7 = .0071.  

The p-values in the significance (Sig.) columns for relative error show that the 

null hypothesis (that there was no significant difference between Vicon and sensor 

detected event times) is accepted for most but not all test conditions and events. Those p-

values that indicate significant difference have been marked in Table 6 with a dagger. 

However, the absolute error was never significantly higher than ± .25s, as shown by the 

p-value column. The bar chart in Figure 13 shows the overall experimental-wise 

distribution of the error. The overall average error of all event times of interest at both 

speeds and both distances was 0.20 +/- 0.14 s or a maximum expected error of 0.34s. 
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Table 6. Event detection error between sensor and Vicon measurements for each of the 

four experimental testing conditions.  

TUG Event 

Relative Error, 

m=0s 

(2 tail t-

test)Sig. 

Absolute Error, 

m=.25s 

(one tail t-

test)Sig. 

 

Mean SD p Mean SD p 

Speed = Normal; Distance = 3m (N = 11) 

Start sit-to-stand -0.09 0.09 0.008 0.11 0.07 1.000 

Start walk #1 -0.15 0.13 0.004† 0.16 0.12 0.987 

Start turn #1 -0.08 0.06 0.003† 0.11 0.05 1.000 

Start walk #2 0.09 0.25 0.262 0.26 0.16 0.795 

Start turn #2 -0.05 0.20 0.412 0.15 0.16 0.986 

Start stand-to-sit 0.02 0.29 0.841 0.25 0.22 0.864 

End of TUG 0.04 0.29 0.622 0.24 0.23 0.807 

Speed = Normal; Distance = 5m (N = 11) 

Start sit-to-stand -0.12 0.12 0.009 0.15 0.08 0.999 

Start walk #1 -0.12 0.17 0.046 0.15 0.16 0.980 

Start turn #1 -0.08 0.16 0.102 0.15 0.14 0.997 

Start walk #2 0.18 0.10 <0.000† 0.21 0.08 0.973 

Start turn #2 -0.11 0.14 0.028 0.16 0.08 0.998 

Start stand-to-sit 0.16 0.24 0.059 0.22 0.20 0.792 

End of TUG 0.11 0.18 0.071 0.16 0.15 0.974 

Speed = Slow; Distance = 3m (N = 11) 

Start sit-to-stand -0.30 0.25 0.003† 0.30 0.25 0.273 

Start walk #1 -0.10 0.06 0.001† 0.13 0.03 1.000 

Start turn #1 -0.10 0.21 0.145 0.21 0.15 0.944 

Start walk #2 0.10 0.28 0.257 0.31 0.17 0.687 

Start turn #2 -0.01 0.24 0.920 0.21 0.14 0.932 

Start stand-to-sit -0.08 0.21 0.253 0.22 0.13 0.961 

End of TUG 0.17 0.13 0.001† 0.22 0.12 0.961 

Speed = Slow; Distance = 5m (N = 10) 

Start sit-to-stand -0.20 0.08 <0.001† 0.20 0.08 0.957 

Start walk #1 -0.04 0.23 0.564 0.17 0.16 0.945 

Start turn #1 -0.07 0.23 0.334 0.19 0.15 0.925 

Start walk #2 0.19 0.19 0.012 0.28 0.15 0.672 

Start turn #2 0.03 0.11 0.337 0.16 0.14 1.000 

Start stand-to-sit 0.07 0.33 0.503 0.28 0.21 0.492 

End of TUG 0.16 0.11 0.001† 0.19 0.07 0.991 

† Significant (Sig.) at p ≤ .007 (.05/7). m = comparison value; SD = standard deviation. 
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Figure 13. Absolute average error (seconds) in event time for each of the seven events, 

during each of the TUG test distances (3m and 5m) and speeds (normal and slow). 

 

Figure 13 shows the absolute errors (mean +/- 95% confidence intervals) for the 

sequence of seven events. The errors stay within reason, in particular, the selected goal of 

0.25 s. It was thought that imperfection in signal synchronization could be confirmed as a 

source of error by observing increasing magnitude in the error with increasing time-point 

of the test. However, no clear linear pattern was detected for any of the test conditions. 

We conclude from this that the two sources of information were adequately synchronized 

in time. 
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4.3 Phase Duration Differences  

Having established an acceptable degree of accuracy of the sensor event detection 

relative to the “gold standard” Vicon event detection, the next step was to examine the 

differences in measured phase duration from the event time data. Phase duration 

differences are shown in Table 7 and Figure 14. Table 7 shows that there were no 

significant differences (p<.0071) in the 3m Normal test condition data. In the other three 

test conditions, however, there were significant differences (p<.0071) between Vicon and 

sensor-based estimates of phase duration. For the 5m Normal test condition, the second 

walk phase, both turns and the total TUG were significantly different between 

measurement methods. For the 3m Slow test condition, the stand to sit phase and the total 

TUG were significantly different between measurement methods. Finally, for the 5m 

Slow test condition, the first turn phase and the total TUG were significantly different 

between measurement methods. 

As shown in Figure 14, the two walk phases always had the longest durations, 

followed by chair durations and turn durations. Using the known walking distance, data 

from Table 7 indicate that during normal speed trials subjects walked at 1.07m/s for the 

3m test and 1.01m/s for the 5m test, while during the slow trials subjects walked at 0.61 

m/s for the 3m test and .64 m/s for the 5m test, about 2/3 their normal speed trials. 

Although a walking speed of 1 m/s for a healthy adult is below normal (1.2-1.4m/s) (93), 

it must be recognized that the gait period also includes the gait initiation and termination 

portions and therefore should be taken as a lower-bound on the estimated speed. 
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Table 7. TUG phase durations from Vicon and sensor systems, relative error, and 

statistical p-values and 95% confidence interval for paired t-tests. 

TUG Phase Vicon Sensor 

Relative 

Error Sig. 95% CI 

 

Mean SD Mean SD Mean SD p Low Upp 

Speed = Normal; Distance = 3m (N = 11) 

Sit-to-stand 1.25 0.30 1.26 0.24 -0.01 0.23 0.927 -0.16 0.15 

Walk #1 2.92 0.80 2.85 0.75 0.07 0.11 0.049 0.00 0.14 

Turn #1 1.31 0.24 1.14 0.26 0.16 0.26 0.060 -0.01 0.34 

Walk #2 2.67 0.75 2.81 0.96 -0.14 0.32 0.171 -0.36 0.07 

Turn #2 1.20 0.28 1.13 0.22 0.07 0.15 0.140 -0.03 0.18 

Stand-to-sit 1.48 0.45 1.34 0.41 0.13 0.14 0.011 0.04 0.23 

Total TUG 10.82 2.33 10.53 2.35 0.29 0.35 0.018 0.06 0.53 

Speed = Normal; Distance = 5m (N = 11) 

Sit-to-stand 1.31 0.22 1.24 0.24 0.07 0.24 0.389 -0.10 0.23 

Walk #1 4.68 0.96 4.65 1.09 0.04 0.25 0.649 -0.13 0.20 

Turn #1 1.38 0.22 1.11 0.19 0.27 0.14 <0.001† 0.18 0.36 

Walk #2 4.28 0.95 4.58 0.90 -0.30 0.21 0.001† -0.44 -0.16 

Turn #2 1.25 0.18 1.00 0.20 0.25 0.18 0.001† 0.13 0.37 

Stand-to-sit 1.38 0.35 1.29 0.45 0.09 0.24 0.241 -0.07 0.26 

Total TUG 14.28 2.63 13.87 2.67 0.41 0.29 0.001† 0.22 0.61 

Speed = Slow; Distance = 3m (N = 11) 

Sit-to-stand 1.88 0.73 1.60 0.48 0.28 0.33 0.019 0.06 0.50 

Walk #1 5.28 1.54 5.28 1.73 0.00 0.23 0.986 -0.15 0.15 

Turn #1 1.77 0.36 1.57 0.28 0.20 0.37 0.103 -0.05 0.45 

Walk #2 4.58 1.10 4.70 1.45 -0.12 0.47 0.420 -0.43 0.20 

Turn #2 1.71 0.30 1.75 0.34 -0.04 0.33 0.694 -0.26 0.18 

Stand-to-sit 1.90 0.45 1.53 0.43 0.38 0.30 0.002† 0.17 0.58 

Total TUG 17.13 3.94 16.44 3.79 0.70 0.37 <0.001† 0.45 0.95 

Speed = Slow; Distance = 5m (N = 10) 

Sit-to-stand 1.78 0.54 1.57 0.42 0.21 0.25 0.027 0.03 0.39 

Walk #1 8.33 1.57 8.36 1.68 -0.03 0.26 0.726 -0.21 0.16 

Turn #1 1.74 0.31 1.47 0.33 0.27 0.18 0.001† 0.14 0.40 

Walk #2 7.40 0.96 7.56 1.08 -0.16 0.27 0.093 -0.35 0.03 

Turn #2 1.59 0.24 1.59 0.37 0.00 0.30 0.981 -0.21 0.22 

Stand-to-sit 1.81 0.58 1.57 0.52 0.24 0.34 0.052 0.00 0.48 

Total TUG 22.64 3.37 22.11 3.25 0.53 0.35 0.001† 0.28 0.78 

† Significant at p ≤ .007 (.05/7). SD = standard deviation. 
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Figure 14. TUG phase duration times from Vicon (dark gray) and sensor (light gray) 

event detection, for 3m (top) and 5m (bottom) TUG tests at normal (left) and slow (right) 

speeds. Error bars represent 95% confidence intervals. 
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4.4 Phase Duration Agreement 

4.4.1 ICC Analysis Results 

ICC analysis shows phase duration agreement for the total TUG time and longer duration 

phases (gait) but showed questionable absolute agreement for the shorter duration phases 

(chair and especially turns). Data in Table 8 shows that for total TUG time and the 1
st
 and 

2
nd

 gait times, ICC values were >.90, for both 3m and 5m distances, and normal and slow 

speed trials. The sit-to-stand phase (Chair 1), the stand-to-sit phase (Chair 2) and the turn 

phases had good (>0.80) to poor (>0.40) agreement. These findings were consistent for 

each of the experimental test conditions. 

ICC’s were much better for longer duration phases, and the total TUG time in 

particular (ICC>.99). This latter finding on its own would suggest there is excellent 

absolute agreement between sensor and gold-standard measurement for total TUG time, 

however, data in Table 7 that shows the total TUG time is systematically biased (p<.001).  

For the shorter duration phases, low ICC's for the turns (and some chair phases) suggests 

there is low absolute agreement between sensor and gold-standard. But these findings 

also require careful interpretation. ICCs can be problematic when there is a compressed 

range of values (92), and indeed the standard deviation of the turns was the lowest of all 

the events. In this context a poor ICC is simply stating that within the small range of data 

observed, they are not in absolute agreement.  
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Table 8. Error analysis using ICC statistics, regression analysis and Bland-Altman limits 

of agreement (LOA), as well as minimal detectable change (MDC). 

TUG Phase  95% CI *Bland-Altman stats ‡MDC
95

 (sec) 

 ICC Low Upp r
2
 p LOA Vicon  Sensor 

Speed = Normal; Distance = 3m (N = 11) 

Sit-to-stand 0.80 0.22 0.95 0.09 0.384 0.44 0.42 0.53 

Walk #1 0.99 0.97 1.00 0.20 0.168 0.21 0.77 0.66 

Turn #1 0.57 -0.27 0.87 0.01 0.830 0.50 0.44 0.58 

Walk #2 0.96 0.85 0.99 0.46 0.022 0.63 0.65 1.15 

Turn #2 0.88 0.59 0.97 0.17 0.212 0.30 0.56 0.43 

Stand-to-sit 0.95 0.61 0.99 0.06 0.465 0.28 0.77 0.62 

Total TUG 0.99 0.93 1.00 0.00 0.852 0.68 1.68 1.69 

Speed = Normal; Distance = 5m (N = 11) 

Sit-to-stand 0.63 -0.34 0.90 0.01 0.803 0.48 0.61 0.60 

Walk #1 0.99 0.95 1.00 0.29 0.091 0.49 1.00 0.86 

Turn #1 0.60 -0.20 0.90 0.05 0.512 0.27 0.33 0.47 

Walk #2 0.96 0.29 0.99 0.06 0.465 0.40 0.68 0.81 

Turn #2 0.47 -0.29 0.84 0.02 0.708 0.35 0.36 0.35 

Stand-to-sit 0.90 0.64 0.97 0.19 0.177 0.48 0.72 0.39 

Total TUG 0.99 0.75 1.00 0.02 0.666 0.58 2.02 1.57 

Speed = Slow; Distance = 3m (N = 11) 

Sit-to-stand 0.88 0.37 0.97 0.59 0.006† 0.64 0.85 0.32 

Walk #1 1.00 0.98 1.00 0.66 0.002† 0.45 2.04 2.14 

Turn #1 0.45 -0.57 0.84 0.08 0.412 0.73 0.67 0.67 

Walk #2 0.97 0.88 0.99 0.57 0.007† 0.91 1.32 1.89 

Turn #2 0.65 -0.41 0.91 0.02 0.665 0.65 0.54 0.78 

Stand-to-sit 0.73 -0.21 0.93 0.01 0.796 0.59 0.84 0.90 

Total TUG 0.99 0.46 1.00 0.16 0.220 0.73 3.69 3.87 

Speed = Slow; Distance = 5m (N = 10) 

Sit-to-stand 0.89 0.39 0.97 0.25 0.145 0.50 0.51 0.47 

Walk #1 0.99 0.98 1.00 0.20 0.195 0.51 1.56 1.59 

Turn #1 0.77 -0.22 0.95 0.01 0.753 0.36 0.43 0.76 

Walk #2 0.98 0.90 0.99 0.21 0.186 0.52 1.65 1.28 

Turn #2 0.72 -0.23 0.93 0.21 0.178 0.59 0.52 0.68 

Stand-to-sit 0.86 0.39 0.97 0.03 0.650 0.66 0.81 0.72 

Total TUG 0.99 0.68 1.00 0.12 0.338 0.68 2.94 3.04 

†Significant at p ≤ .007. * Coefficient of determination (r
2
) and significance (p) from 

regression of the mean difference on the mean of the samples, and limits of agreement, 

LOA. ‡ MDC = minimal detectable change at 95% confidence. 
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Figure 15. Scatter plots of phase durations from sensor (vertical axis) and Vicon 

(horizontal axis). The solid lines show the least-square regression line of the 

measurement data. The dashed lines represent a perfect 1:1 relationship. All 

measurements are in seconds. 
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Scatter plots in Figure 15 illustrate this effect quite clearly. Note that the vertical 

axis range is uniform for all the plots on purpose to illustrate how a very large (total TUG 

time) and very small (turn time) range of values can impact the interpretation of the ICC.   

Departure of the fitted line of regression from the idealized (1:1) line of regression was 

more pronounced in the shorter turn and chair phases. 

4.4.2 Analysis using Bland-Altman Plots 

For analyzing the agreement of two variables, a Bland-Altman Plot can be used to 

demonstrate the amount of difference visually, in order to aid in judging whether or not 

the difference is systematic (94, 95). This is particularly convenient for the purposes of 

interpreting this experiment’s results because of the significance of the relatively large 

error in the data from the sensors, which could obscure the results of statistical tests that 

dealt with correlation. 

 For assisting the reader in conveniently interpreting a Bland Altman plot, an 

example has been included below with an explanation. The mean difference line drawn as 

a solid line. The reader must check whether or not the zero position on the y axis occurs 

inside or outside the 95% LOA which are drawn with red dashed lines. If it is inside, this 

represents a 95% probability of no significant difference. The number and position of 

outliers in the data points can also be observed to judge the amount of variance in the 

data. 
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Figure 16. Example of Bland-Altman plot for 3m normal speed TUG. 

The results are displayed as they vary with speed, distance and phase. The Bland-Altman 

plots can be found in the Appendix IV. 

4.4.3 Minimal Detectable Change 

 The final two columns of Table 8 show the within-subjects minimal detectable 

change (MDC) computed for each movement phase (and total TUG time) using the three 

trial repetitions each participant performed during the experiment. The 95% MDC for 

sensor measurements and Vicon measures were very similar, which suggests that using a 

sensor for measuring TUG events is as capable of detecting a real change within a subject  

as with a highly sophisticated motion capture laboratory.  

Interestingly, the MDC values for total TUG time – between 3-4 sec – is in very 

good agreement with the literature (124-125) for slow walking populations, which 
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suggests the MDC values for TUG sub-task performance are realistic and applicable to 

clinical populations. 

4.5 Slow Phase Simulation 

Results of the slow phase simulation are shown in Table 9 for the 3m and 5m 

TUG test. The first two columns show the mean and standard deviation (SD) of normal 

speed trials, followed by three sets of means and SDs for each of the “slow component” 

trials: slow chair, slow gait and slow turn. The significance of the paired T test result is 

shown in each of the corresponding “Sig.” columns.  

The hoped for result would have been a pair of phases (chair, gait or turn) 

showing significant difference in the slow component trial of the same name and none of 

the others being significantly different. The data suggest that a significant difference in 

total TUG time was almost always possible for each of the slow component trials, but 

there was varied success in demonstrating that the algorithm would be able to identify the 

phase or phases that caused the increase in TUG time. 

Generally, at least one of the phases related to the instructed “slow component” 

trials for chair (Chair1=sit-to-stand or Chair2=stand-to-sit) and gait (Gait1=1
st
 walk or 

Gait2=2
nd

 walk) showed statistically significant differences from subject’s normal speed 

trials. Slow gait was the most successfully identified anomaly. However, for the slow turn 

trials, the turn phase was only significantly extended for the 2
nd

 turn of the 3m TUG, but 

could not be identified for the 5m test. It is important to note that the participants were all 

healthy and had no reported mobility impairments, so there may have been limitations in 

their ability to mimic a slow motor task such as a turn. 
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 Table 9. Comparison of normal speed trials to "slow component" trials. 

 

3m 

Normal Slow chair Slow gait Slow turn 

Mean SD Mean SD Sig. Mean SD Sig. Mean SD Sig. 

 

Chair1 1.23 0.11 1.78 0.60 .033* 1.35 0.28 .593 1.35 0.17 .507 

Gait1 2.61 0.56 3.77 0.86 .002† 5.39 2.18 .008* 3.46 1.10 .025* 

Turn1 1.14 0.30 1.36 0.21 .071 1.34 0.18 .069* 1.99 0.78 .018* 

Gait2 2.60 0.62 2.71 0.57 .574 5.25 1.45 .001† 2.76 1.33 .943 

Turn2 1.08 0.17 1.29 0.13 .002† 1.28 0.20 .208 1.78 0.84 .067 

Chair2 1.28 0.37 2.65 0.47 <.001† 1.45 0.23 .922 3.08 2.64 .057 

Total 9.94 1.51 13.57 2.04 <.001† 16.06 4.20 .003† 14.43 3.32 <.001† 

 

5m 

Normal Slow chair Slow gait Slow turn 

Mean SD Mean SD Sig. Mean SD Sig. Mean SD Sig. 

 

Chair1 1.32 0.21 1.47 0.56 .543 1.14 0.63 .487 1.09 0.53 .247 

Gait1 4.58 1.11 6.84 2.57 .020* 7.57 1.40 <.001† 5.62 1.78 *.015 

Turn1 1.10 0.21 1.64 0.49 .006† 1.30 0.09 *.019 1.80 0.53 *.021 

Gait2 4.55 1.08 4.81 1.47 .598 7.25 1.73 †.003 5.64 2.38 .086 

Turn2 0.99 0.19 1.23 0.34 .160 1.25 0.18 †.001 1.87 0.45 †.005 

Chair2 1.25 0.52 3.64 1.21 .001† 1.70 0.76 .274 2.06 0.59 *.027 

Total 13.77 3.00 19.43 5.06 .006† 20.22 3.20 †.001 18.09 3.80 <.001† 

† Significant at Bonferonni adjusted alpha .05/7 = .0071. 

* Significant at the alpha=.05 level, but non-significant according to Bonferonni 

adjustment. 
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4.6 Gender Comparisons 

 The final analysis was to explore if the phase durations were statistically different 

between males and females. Although it was expected that there might be gait duration 

differences (owing to the fact that men have a slightly higher walking speed), as shown in 

Table 11, only the stand-to-sit (Chair2) phase of 3m slow TUG was found to be 

significantly different between males and females. There is no clear explanation for this, 

except perhaps that females and males may have followed the “slow” instruction 

differently when it came to sitting from a stand. 

 

Table 10. Results of comparing phase durations between genders. Columns include the 

significance (p-values) of the one way ANOVA comparison under two groups between 

males and females (one group) for each of the phases (the other of two groups) under 

each set of test conditions. 

 p-values 3m Normal 5m Normal 3m Slow 5m Slow 

Chair1 0.578 0.623 0.186 0.059 

Gait1 0.402 0.615 0.335 0.838 

Turn1 0.336 0.387 0.224 0.890 

Gait2 0.467 0.169 †0.025 0.561 

Turn2 0.696 0.612 †0.030 0.187 

Chair2 0.424 0.051 0.197 0.637 

† Significant at p<.05. 
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Chapter 5: Discussion 

The TUG test is widely published as a test of physical functioning and falls-risk 

outcomes in clinical practice and research and is widely accepted for measuring basic 

mobility capabilities. Although it is easy to score the overall TUG test with a simple stop-

watch, the ability to quantify the durations of the various phases that make up the TUG, 

which might be informative about the source of the mobility limitation, has always been a 

limitation of the test. This represents a considerable amount of lost information 

considering how routine this test is. Furthermore, the traditional TUG is a “pencil and 

paper” test, which again is appealing for use in clinical practice, but also means that the 

vast amount of information that can be gleaned from this test is not recorded in a way that 

enables the study of mobility health at the population level. 

 Wearable sensors offer a solution to both of these problems. The sensors, when 

placed appropriately on the human body, are capable of capturing many dimensions of 

human movement, and with appropriately validated algorithms, can be used to automate 

many of the existing clinical tests of physical function, the TUG being just one (the most 

common) of these. Such a system could then enable large repositories of mobility data 

(such as from the TUG) to be acquired on many different patient populations.  

The work in this thesis showed it was possible to separate the TUG into six 

distinct phases based on signals from a commercial IMU (containing a 3-axis 

accelerometer and 3-axis gyroscope), and that the accuracy of measuring TUG event 

times, compared to an optoelectronic tracking system (Vicon), was more than adequate 

for the clinical application of the automated TUG test, or “auto-TUG”. Although ICCs 

indicated that consistency within short duration phases are low, especially for turns, the 
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low ICCs only occurred when the range of phase durations was very small (within .5 

seconds) and therefore do not change the conclusion that durations can be measured with 

a high degree of confidence. In summary, this work provides proof-of-concept that the 

auto-TUG concept is feasible, and the data acquired from this study will be instrumental 

in establishing the design parameters of a pre-commercial system. 

The algorithm, which was developed by adjusting the functions applied to the 

sensor output, one step at a time after observing the change after each adjustment, 

performed adequately to find the events even though the final version simply applied low 

pass filtering and a nonlinear threshold. The only reason why developing it was a 

challenging learning experience at all, was because recognizing that the unprocessed 

signal could not be used for event detection was entirely done on our own initiative and 

because the decision that sufficient processing had been done for this study’s purposes 

was entirely a judgment call as well. Arriving at the final version of the algorithm was 

not a process of mathematical modeling, but simply discovering how functions could be 

used to make existing answers clear enough to easily find. A comparison with 

mathematical models used by other researchers would not be helpful in understanding 

this. 

5.1 Synthesis of the Findings with the Research Literature 

The approach to capturing patient movements during the TUG test with wearable 

sensors is not novel; a number of researchers have attempted to use wearable sensing 

solutions to instrument the TUG test. However, not many of these solutions have been 
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rigorously validated against an industry gold-standard in human movement capture, and 

the analytical approaches used have not always been amenable to a commercial system. 

The most recent literature concerning observation of gait parameters with 

wearable sensors and delineating the TUG test into phases includes descriptions of 

experiments with varying degrees of similarity to the experiment described in this thesis. 

A recent study by Galen-Marcant et al. (24) used an iPhone4’s accelerometer and 

gyroscope to differentiate an extended 10 m TUG into 5 phases: Sit-to-stand, Gait, 

Turning, Returning gait, and Turn-to-sit, when mounted on the subject’s sternum. The 

study showed it was possible to distinguish frail from non-frail elderly when comparing 

groups by phase durations that could not be discriminated based on total TUG time (24).  

Another study by Salarian et al. et al. (96) comparing Parkinson’s Disease and 

healthy controls used an instrumented TUG (accelerometers and gyroscopes on their 

shanks and sternums) to separate the performed TUG into four phases: Sit-to-stand, Gait, 

Turning and Turn-to-sit. It was found the resulting phases can be used to determine if the 

subject has movement symptoms of Parkinson’s Disease, whereas the TUG as a whole 

was not able to discriminate groups (96). When the TUG is performed as fast as possible 

with wireless inertial sensors on the front of each shank for the purpose of extracting gait 

parameters, it is possible to distinguish multiple sclerosis patients from healthy controls 

reliably (12). 
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Table 11. Comparison of normal and slow TUG phase duration times with other studies. 

 Phase durations (s) – mean +/- 1 s.d. 

Source This study Zakaria (73)* This study Tmaura (97) 

Subjects Young adult 

subjects, normal 

speed 

Healthy senior, 

low fall-risk 

Young adult 

subjects, slow 

speed 

Seniors with 

high fall-risk 

Chair1 1.25 ± 0.30 1.44 ± 0.36 1.88 ± 0.73 1.67 ± 0.55 

Gait1 2.92 ± 0.80 2.21 ± 0.67 5.28 ± 1.54 4.05 ± 1.10 

Turn1 1.31 ± 0.24 1.61 ± 0.48 1.77 ± 0.36 2.50 ± 0.65 

Gait2 2.76 ± 0.75 2.41 ± 0.67 4.58 ± 1.10 3.85 ± 0.67 

Turn2 1.20 ± 0.28 1.18 ± 0.37 1.71 ± 0.30 1.80 ± 0.19 

Chair2 1.48 ± 0.45 1.95 ± 0.50 1.90 ± 0.45 2.89 ± 0.57 

Total TUG 10.82 ± 2.33 10.8 ± 1.28 17.13 ± 3.94 15.81 ± 1.66 

* Chair1 and Chair2 times are combined times of chair sub-phases in (73) and (97). 

 

The experiment most similar to ours by Zakaria et al. (73) broke the TUG into 

eight phases instead of six phases; the sit-to-stand and stand-to-sit phases were each 

divided into two sub-phases delineated by the trunk bend. This study also used a 

wearable inertial sensor worn at the subjects’ waists, and used data from the 

accelerometers and gyroscopes. Although the study showed that elderly high fall-risk and 

low fall-risk groups could be discriminated from healthy subjects, the study did not 

include a validation via comparison of the sensors with a gold standard motion analysis 

system (73). Nevertheless, with a 3 m walking distance (73) the low falling risk group 

gave times for phases in seconds comparable to ours, as shown in Table 11. 
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5.1.1 Validation Studies 

Several examples exist in literature of using Vicon data (34, 98) to validate event 

detection in human motion being defined by a certain algorithm. It has been shown that a 

single gyroscope on one shank can detect foot off and initial contact events while a 

subject ascends or descends stairs (99). With the correct algorithms, gyroscopes placed 

on the left thigh and both shanks during gait can detect gait phases including flat foot, toe 

off, swing and heel strike events and have been validated as being able to do so (100). 

When the TUG is performed as fast as possible with wireless inertial sensors on the front 

of each shank for the purpose of extracting gait parameters, it is possible to distinguish 

multiple sclerosis patients from healthy controls reliably (12).  

Motion analysis systems are sensitive, objective systems which have been well-

accepted as methods of measuring postural stability (101). The accelerometer and 

gyroscope of an iPad equipped with a Wi-Fi trans-receiver have been clipped to an 

elderly subject’s waist to measure postural stability in older adults.  Comparison with the 

results of an Eagle Motion Analysis system with markers and infrared cameras have 

confirmed that the iPad is powerful enough to measure patient specific data as a single 

instrument (101). However, again this was not done in a validation study and additional 

experiments with a larger population are needed to verify the reliability and sensitivity of 

the iPad’s measurements of postural stability as well as their clinical utility (101). 

A literature review on body worn movement monitor technology for balance and 

gait rehabilitation recommended that therapists use systems that had been validated with 

a gold standard (76). The literature review also emphasized the advantages in wearable 

sensors in increased sensitivity in balance and gait measures, detecting impairments to 
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balance and gait and measuring motion associated with impairment, such as postural 

sway and gait characteristics (76). Body worn sensors can provide biofeedback, to 

complement normal feedback, such as audio biofeedback to help clinicians and their 

patients in learning to modify motion patterns (76). Again to be useful as a clinical 

device, body worn sensors must have the accuracy and reliability confirmed with a high-

quality validation with laboratory gold standards (76). Although several studies have 

examined wearable sensors for automating the TUG test, they have not been rigorously 

validated. 

An InertiaCube3 (InterSense Inc.) wearable sensor containing 2 two-axis 

accelerometers, 3 single axis gyroscopes and a three-axis magnetometer compass has 

been used as a gold standard to validate the gyroscope, accelerometer and magnetometer 

in an iPhone4 for the purposes of identifying 5 phases of an extended (10m) Timed Up 

and Go Test (26) that was used in the above mentioned study (24). However, there is no 

evidence the InertiaCube3 itself was validated for detecting TUG phases against another 

gold-standard. Using the Inertiacube3 (an inertial measurement unit) as a gold standard is 

not as good as using an optoelectronic tracking system (such as Vicon) as a gold standard 

for parsing the test into phase durations because IMUs can be contaminated by 

electromagnetic interference or may not always be perfectly calibrated to real physical 

units.  

In the assessment of various kinds of smart-phones as wearable sensors to assess 

human body movement, it is the algorithms processing the signals that have been 

identified as the key area for improvement to allow recognition of human body 

movement events (25). Much of the published literature on phase detection with the TUG 
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seems to rely on threshold values in real physical units (m/s
2
 or g’s) and provides little in 

the way of explaining how their algorithms work to parse the phases of the TUG. The 

algorithm employed in this study is a simple signal conditioning procedure that does not 

rely on real physical units for establishing thresholds or search windows, but rather 

exploits the impulsive behavior of IMU sensor channels during the TUG – combining 

this with the known degree-of-freedom of IMU channels (what movements they can 

measure) to easily identify the start and end of a movement segment, such as a turn or 

chair rise stand. Because it is easy to implement, we believe the algorithm described in 

this thesis will be applicable for quantifying movement segments or phases of other 

clinical tests of physical function. 

5.1.2 Detailed Explanation of ICCs, ANOVA, t-Tests and Bland Altman Plots 

 Table 6 in section 4.2 has the result of t tests (appropriate since the difference 

between sensors and vicon is a single factor not requiring ANOVA) done of both relative 

and absolute error between measurements of events with the two systems. The tests on 

the relative error indicate whether or not there is a significant difference between the two 

and the absolute error indicates whether or not a detected difference would be larger than 

the goal of ±0.25 s. In the few cases in which the t test on the relative error indicated a 

significant difference between sensors and vicon (3m norm: start walk #1, start turn #1 ; 

5m norm: start walk #2; 3 m slow: start sit-to-stand, start walk #1, end of TUG; 5 m slow: 

start sit-to-stand, end of TUG), the t test done on the absolute error indicated that the 

difference was not significantly different from this goal for any of these events.  
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The columns of Table 8 give results from ICC derived from ANOVA plots for the 

ICC coefficients and their boundaries and then the interpretation of the Bland Altman 

plots in the R
2
, p and LOA columns. Also in the table are psychometric parameters of 

minimal detectable change for both Sensors and Vicon.  

 The first column’s results provide an indication of reliability and agreement 

between the two measured variables. The next two columns provide an indication of 

whether the first can be trusted. A value for the lower limit below zero or even 0.5 

indicates other measures should be taken into consideration as well. This was the case for 

the first turn in the 5 m Normal trials the only trial with a Bland Altman Plot that did not 

have the Y-Axis zero line within the 95% Limits of Agreement, the necessary criterion 

for concluding that the plot confirms no disagreement between the measures. Examining 

the first three columns for the ICCs leads to the conclusion that the walk time measures 

are reliable, chair activities not quite as reliable, and the turns are least reliable. 

 The next two columns of Table 8 are the R
2
 value and the p value. The R

2
 value 

when close to one, indicates a relationship between the error and the sample mean. The p 

value indicates proportional bias other than random independent error when it is below 

0.05. The phases for which there was a bias are in Table 8 however (Sit-to-Stand, Walk 

#1 and Walk #2 for 3 m slow) tended to have Bland Altman Plots with more outliers than 

the others. It could be speculated that if the experiment were done over with a larger 

sample size, the supposed bias would not occur. 

 The MDC values for the Total TUG were similar to values published in the 

literature, between 3-4s (124, 125), and similar between sensor and Vicon-based 

measurements. Given that the experiment was conducted in a controlled environment 
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with healthy subjects, it is important that MDC found for sensors in the best possible 

environment were roughly equivalent to the MDC established using less sophisticated 

measurement techniques. This simply suggests that individuals vary more within 

themselves than the error in the measurement tool. The added value of using sensors is 

that the TUG phase measurements can be estimated, and therefore the MDC values 

should be useful for researchers designing clinical trials where TUG phase times are a 

planned outcome measure. 

5.2 Limitations of the Study 

 There are several limitations to the study that must also be discussed. These are 

grouped into limitations of the instruments & measurements, experimental protocol, and 

population sample studied. The number of subjects in this study is not sufficient for the 

kind of power analysis required for guarding against type II error by finding the 

probability of a significant difference if it truly exists. Optimization or validation of the 

algorithm used has not been attempted. 

5.2.1 Instruments & Measurements 

 The ability to synchronize the two measurement systems used – the Vicon motion 

analysis system and the MicroStrain IMU – may have been limited. The approach used, 

placing another 3-axis accelerometer on the IMU case that was directly connected to the 

Vicon system (through the A/D board), appeared to do a good job in aligning the signal 

time histories, as shown in Figure 11, but event time errors shown in Figure 19 suggest 

that event time error increases as the TUG test progresses through its phases, which 

implicates the synchronization. The sync time was determined usually from the first 
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major peak in signal (as shown in Figure 11), but in retrospect it might have been better 

to use a cross-correlation analysis that would give the average offset during the motion 

segment, and therefore would likely have evened out the event time errors across the trial, 

although it would not likely have affected the overall error magnitude. 

 Another challenge in the study was that the IMU system and the attached sync 

accelerometer were not wireless, and therefore care had to be taken to instruct subjects 

how to turn so the cables extending from the devices to their respective computers for 

data acquisition would not create a tripping hazard or potentially damage the cables. 

Although subjects were easily able to perform the test without being obstructed by the 

cables, it did constrain the turn direction selected by subjects which may not have been 

the turn direction they would have selected in real life. However, because this was a 

healthy population it is unlikely this adversely affected the quality of the data. 

 All IMU’s are susceptible to a number of artefacts. Gyroscopes are susceptible to 

a form of systematic error called drift in which a constant quantity changes over the 

course of time. Less susceptible to drift are the accelerometers, which can still be biased 

by any gravitational and magnetic interference present at the location of the experiment. 

Bias is defined as a systematic error in which a measured value contains an offset. Any 

drift error or bias from the experiment was eliminated by data processing, which included 

rectification, scaling (raising the exponent) and normalization of the signals as well as 

being reduced by the fact that the trials took place over short periods of time, at most 25-

30 s for the 5 m slow trials. The effect of small error such as the misalignment of the 

IMU axes with the torso axes should be negligible.  
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 It is also worth noting that not all of the available sensors were used in the 

analysis. Once the output from the IMU gyroscopes and accelerometers was examined, it 

became apparent that information from the goniometer would be redundant for the 

purpose of detecting TUG events. Although it would have been beneficial to extract gait 

parameters from the goniometer data, the primary goal of event detection took priority. 

There were distinct disadvantages to using a goniometer for the present study. Although a 

fibre-optic goniometer can be used to acquire knee joint angles during a TUG test, the 

critical events of the start of motion and the start and end of the turns cannot be detected 

with a knee goniometer.  In terms of flexibility of taking measurements from different 

locations on a subject’s anatomy, goniometers can only measure certain joints, whereas 

IMUs can be used anywhere on the body. 

 

Figure 17. Example of a failed trial. 
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Another measurement challenge was with respect to the “gold-standard” measures 

obtained from the Vicon motion analysis system for the 5m TUG test. This stressed the 

system’s capability to track the complete trajectory of the shoulder markers. Figure 17 

shows an example of this. It can be seen that markers went outside the viewing volume 

during the 1
st
 turn. In some cases the loss was small enough that the trajectories could be 

patched using tools available with Vicon Nexus, but in some cases – as shown in Figure 

17 – the loss was considerable and the trial had to be discarded. See Section 4.1 for 

details. 

5.2.2 Experimental Protocol 

 Although the 3m and 5m TUG are the most commonly used, there are examples 

of 10m TUG and 7m TUG tests in the literature, which were not included in the design. 

This made it difficult to compare our TUG time and phase duration results to results of 

some of the other studies. However, it is more important that we focused on the tests used 

clinically (3m and 5m TUG) rather than in a research environment, and it should be noted 

that the only TUG phase that should change for different walking distances is the gait 

time – the turn and chair times should not be affected. 

 We only included in the final design a “normal speed” and a “slow speed” TUG 

test. Another option would be a “fast as you can”, speed which is the usual instruction 

given when the test is conducted for clinical assessment. In the initial pilot study it was 

found that “fast as you can” TUG tests were difficult for subjects to interpret, and the 

TUG protocol difficult to adhere to. As such a slow test was decided to be more reflective 

of the challenges in sensor event detection, and so this was used instead of the fast test. 
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However, this may explain why our “normal speed” tests were similar (10-11 sec) to 

average times reported for much older (but non-frail) adults.  

With regard to the “slow trials”, there may be limitations in how similar an 

otherwise healthy person moves slowly compared to a patient whose slowness is due to 

physical impairment. The purpose of including the slow trials was to ensure the sensor 

channels would output data of sufficient signal-to-noise ratio that the same algorithm 

could be used for trials at all speeds. Indeed, it was found that the same algorithm 

parameters (thresholds and power exponents) worked well for both normal and slow 

speeds. In a future version, the algorithm could be trained to auto-adjust these parameters 

for maximizing detection accuracy. 

Although we thought it was important to test the algorithm for identifying 

individual “anomalous” phases, and some success was achieved in detecting abnormal 

gait and chair rise activity, the results of this simulation highlight some of the limitations 

of using healthy subjects to mimic disability. It is also likely that subjects might have had 

difficulty following the instructions for this simulation, and due to time restrictions these 

“slow component” trials were only conducted once each. Clearly, a next step is to 

evaluate the auto-TUG in a clinical population. 

5.2.3 Population Sample Recruited 

 Only healthy adults were recruited for the study so we cannot say with certainty 

that the algorithms we developed and evaluated here will be as successful at identifying 

the TUG phases in a clinical population. If the sensors are going to be tested in a later 

study to determine if clinical subjects individually had a bias to use this as a means for 
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diagnosis, then a double-blind could be used to maintain objectivity. There was no need 

for a double blind in this study. 

However, it is important to note that movement activities such as rising from and 

sitting to a chair, turning, and cyclic stepping during gait, have motion constraints, 

meaning that certain body kinematic patterns are always going to present, whether 

healthy or afflicted by mobility impairment. For example, the act of rising from a chair 

requires the torso to flex forward and then back to vertical as the body centre of mass 

moves forward then upward (44); a detailed study of chair rise strategy in older adults 

with and without mobility impairment found that trunk flexion is usually exaggerated in 

older/frailer seniors (36). The act of turning also requires the torso to rotate 180 deg, 

although it is possible that different turning strategies, such as a shuffle turn, could result 

in different motion profiles than the typical tri-step turn (65) we observed in our sample. 

 A larger sample might show differences that we did not observe. 

5.3 Innovation and Contribution 

The TUG will continue to be used in research and clinical practice due to 

simplicity and low cost. Any attempt to augment it with instrumentation should be done 

with inexpensive equipment so as to avoid pushing outside the user’s budget. The IMU’s 

small size and portability also lend to convenience of use. All three accelerometers and 

all three gyroscopes within the IMU turned out to be useful for event detection. Although 

the algorithm must still be evaluated with a clinical population and packaged within a 

user-friendly (and wireless) system in order to determine what impact this advance in 

technology might have, the approach is very easy to implement as it does not involve any 
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sophisticated mathematical or signal processing steps, and is completely independent of 

the signal’s physical values, meaning it could easily be programmed into a smart phone 

app with built-in IMU or other commercial wireless IMU system, would require no 

calibration step, and should be relatively immune to minor errors in alignment with 

rotational and translational axes of the torso. Of course, all these claims will need to be 

tested. 

5.4 Future Work 

A process of deductive reasoning was followed when choosing from the available 

mathematical tools for signal conditioning to make the events detectable amid the raw 

noisy outputs. A butter-worth filter, raising the exponent, taking the derivative, taking the 

absolute value were among the techniques used to lower the relative level of noise and 

make the peaks of interest more noticeable. The motion impulses were distinguished 

from meaningless noise using normalized threshold values. This heuristic approach was 

justified given the fact that the only measurement required of the TUG is temporal. 

However, in order for this approach to detect chair and turn activities, it must 

obliterate the gait information (higher frequency, lower amplitude). Other signal 

processing approaches might do the opposite, to highlight the gait stepping events and 

obliterate the slower impulses of chair and turning. Or, as originally planned, a knee 

goniometer can provide this information. Given that the data are already collected from 

the present project, this is secondary analyses that can be performed without the need for 

more experimentation. 
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Also, as mentioned above, it will be necessary to evaluate the auto-TUG in a 

clinical population, and in a clinical environment, in order to determine its ultimate utility 

as a mobility health assessment tool. Given that many timed tests of function (such as the 

6m Walk Test, 10-Step Stair test, Functional Reach, etc.) are based on temporal 

segmentation of motion data, it likely that a suite of automated functional assessment 

tools could be delivered with the same wearable system. In addition to the clinical 

population being a more realistic testing population than healthy subjects, depending on 

the patients in question, their slower speed for performing the TUG, may make up for the 

fact that healthy volunteers did not in fact perform a part of the TUG more slowly when 

they were told to. The fact that according to Kennedy et al. (124) and Naylor et al. (125) 

the Minimally Detectable Change for the TUG is 3-4 s implies that longer times are 

necessary for meaningful measurements of the phases. This work presented in this thesis 

suggests these future plans are feasible and worth pursuing. 

 

5.5 Conclusion 

 The errors made by the IMU were sufficiently small that further steps in the 

development of the instrument and the associated data processing software are justified. 

Statistical analysis of the data confirmed this. 

 

The primary goal of this thesis was to develop and validate a methodology for 

quantifying the individual phase times of the TUG test. The goal was achieved by first 

designing a highly detailed experimental protocol for testing the TUG with multiple 
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sensors and full-body motion tracking which was used to establish the “gold-standard” 

measurements and selection of most useful sensors and location. This resulted in an 

efficient and well-vetted experimental protocol that was used to capture simultaneous 

Vicon and IMU data during the TUG under different distance and speed conditions. The 

Vicon marker trajectories were then analyzed to establish the gold-standard event times 

of the TUG, and a new algorithm was tested for analyzing the sensor data for producing a 

set of events based on the impulse profile of the IMU sensor channels. This reduced the 

problem of detection to selecting a set of power exponents and normalized thresholds for 

each signal channel, which were determined iteratively using the gold-standard event data 

as the target.  

The selected detection parameters gave an absolute measurement accuracy of 

better than .5 sec on event detection, and the average relative error was found to have 

mean values not different from zero for the seven events of the TUG. The resulting 

duration times of each TUG phase also demonstrated no significant difference between 

the sensor detected phases and Vicon detected phases, with the exception of the final 

chair activity of the slow speed TUG, which may have been more related to 

synchronization issues than actual differences in event times. It is therefore concluded 

that a torso worn IMU has been validated as a tool for the quantification of the phases of 

the TUG. The cut-off metric of 0.5 s that has been selected for our study is similar to the 

95% confidence interval minimal detectable change or MDC95 values for sit-to-stand 

and stand-to-sit in a study by Schwenk et al. 2012 (103)  which confirms it is a 

reasonable value. 
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 Of all the Bland Altman plots of each phase of each distance and speed, the only 

phase out of all of them that did not confirm there was no difference between 

measurements was the first turn for 5m normal and this is the only case in which there is 

any indication that one measure consistently over or under estimates the other. In the data 

for 3m norm (Table 7), none of the phases had significant difference. There was more 

bias in the 3m slow than the other test conditions. In general, indicators of bias for the 

experiment are low, suggesting no reason to think that the results do anything other than 

validate as stated in the objective. It has been confirmed that Bland Altman plots can be 

used to confirm the reliability of clinical measures of balance (90).  

It is also concluded that a goniometer is not required to achieve phase delineation 

of the TUG.  The elimination of this instrument decreases the cost and complexity of the 

experimental set up. During the development of technology for a specific purpose there 

must be a process of fine tuning any device to be used. Before this can be done though, a 

specific approach for accomplishing a task with a device must be selected and verified as 

a viable choice. This early phase of industrial evolution is called, “Proof of Concept”. For 

the Proof of Concept stage of product development, errors of 0.5 or even 1.0 s are 

acceptable as evidence to confirm the accuracy of the measurements can be sufficient for 

the required purposes. Therefore, the summarized results of the trials without a slow 

component can be seen as validation for the detection of all seven of the events of interest 

that occur during the TUG. The experiments done in this research are also evidence in a 

larger sense that evaluation of human movement can be used to evaluate a person’s 

health. While there has been nothing suggestive of a breakthrough in the findings, the 

incremental progress made has a particular significance. By completing the first and 
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perhaps most difficult step in the industrial evolution of an instrumental system intended 

for this purpose as a marketable product, a foundation has been laid for a transition from 

academia to industry. It is now possible for a company to pick up where this experiment 

left off, perfect the instrumental set up, the method of using it and the software and put up 

the finished instruments for sale on the commercial market. 
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Appendix I 

AI.1 Recruitment Materials 

First Contact Script 

 

PURPOSE 

Researchers at the University of New Brunswick, led by Dr. Chris McGibbon, are 

looking for individuals to participate in a study investigating the Timed Up and Go Test 

(TUG test) using wearable sensors that measure human movement. The TUG test is 

commonly used for assessing falls risk, and is conducted by having the person start from 

a seated position, stand, walk a distance (3-5 m), turn and walk back to the chair, and 

return to a seated position. Currently the TUG test is conducted through observational 

analysis. The goal is develop a more reliable and objective system for TUG assessment. 

We also hope to gain a better understanding of the transitions between different modes of 

human movement, such standing to walking, walking to turning, standing to sitting, etc.). 

PROCEDURES 

As a participant, you will have to wear tank top and shorts. A number of instruments will 

be used to measure your right knee angle, right shoulder motion and body position. These 

include: an accelerometer mounted on the right shoulder, a goniometer strapped with to 

the right knee and multiple reflective markers attached to the skin with double-sided tape 

or attached with cuffs and straps. You will be asked to perform the Timed Up and Go 

Test consisting of rising from a chair, walking a short distance, turning 180 degrees, 

walking back to the chair and sitting down.  Your visit will last for approximately 1.5 

hours. 

RISKS AND DISCOMFORTS 

During this experiment, you will be asked to perform The Timed Up and Go Test. 

The activities involved (rising from a chair, walking and turning, and sitting) are 

similar to those performed in real-life. Some participants may experience a minor 

rash where reflective markers are attached to the skin with double-sided tape.  The 

test involves turning and sitting on an unfamiliar chair, but risks will be reduced by 



 

101 

 

close supervision and the ability to practice the test. If you feel discomfort or at risk 

you can rest or stop the tests at any time. Your participation is strictly voluntary, and 

you may decline to participate at any time before or during your visit without penalty 

or judgment. 

COST/BENEFIT 

There is no direct cost to you for participating in the study.  You will not directly benefit 

from participating in this study, but your involvement will help us achieve our short and 

long term goals. 

PRIVACY AND CONFIDENTIALITY 

All personal information (names, addresses, email or phone numbers, etc.) gathered for 

this study that can identify participants will be kept secure to protect their privacy and 

will never be shared at any time with any person or entity.  All personal information 

linking participants to their data will be destroyed after one year following the 

completion of the study. 

 

 

Do you have any questions? (If yes, answer the questions.) 

Would you like to participate in the study? 

If no, 

 Thank you very much for your time. 

If yes, 

 Administer the Screening Questionnaire. 
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AI.2 Participant Screening Questionnaire  

For “Healthy” Adult Controls   

This questionnaire is to be administered when potential participants make first contact 

with you. The purpose of the questionnaire is to determine eligibility to participate in the 

study. When contacted, please be sure to inform the potential participant that in order to 

determine eligibility you will need to ask a few questions about their medical history. 

Also inform the potential participant that this questionnaire is for screening purposes 

ONLY and no records are kept once eligibility has been determined. 

 

Participant Information for Eligibility Determination 

 

Date of Birth: ______________________    Adult (19 or older)     Child/Teen  

 

Ask potential participant: Do you have a history of one or more of the following? 

 

Heart attack or major rhythm disturbance Yes    No   Comment: _____________   

Renal failure requiring dialysis  Yes    No   Comment: _____________ 

Recent (<2 yr) cancer    Yes    No   Comment: _____________   

Uncontrolled hypertension   Yes    No   Comment: _____________   

Uncontrolled diabetes    Yes    No   Comment: _____________   

Uncontrolled seizures    Yes    No   Comment: _____________   

Recent (<2 yr) foot ulcerations  Yes    No   Comment: _____________   

Recent (<2 yr) lower limb fracture  Yes    No   Comment: _____________   

Recent (<2 yr) stroke affecting lower limbs Yes    No   Comment: _____________   

Recent (<1 yr) hip or knee surgery  Yes    No   Comment: _____________   

Legal blindness    Yes    No   Comment: _____________   

Not ambulatory    Yes    No   Comment: _____________  

Inner ear disease or disorder (vestibular ) Yes    No   Comment: _____________ 

Nerve damage/disease    Yes    No   Comment: _____________ 
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Parkinson’s disease    Yes    No   Comment: _____________   

Alzheimer’s disease    Yes    No   Comment: _____________   

Recent (<6 months) concussion  Yes    No   Comment: _____________   

Other diseases/conditions (chronic or acute) Yes    No   Comment: _____________   

 

 

 

ELIGIBILITY ASSESSMENT 

 

If answer to ANY question above is Yes, the participant is NOT eligible to 

participate 

 

Eligible to enter study?   Yes    No   Comment: _____________  

 

If yes, please inform the person that they are eligible to volunteer in this study, and if 

they provide verbal ascent, schedule a testing session. 

 

If no, please inform the person that they are not eligible to volunteer in this study, due to 

(state reason from above), and thank them for their interest and time. 
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Appendix II: Long Literature Review 

To more fully justify the need for the research and to explain in detail the rationale for the 

proposed approach, this review of the literature will cover the relevant background in 

motion analysis and assessments of mobility and risk of falling, the origin and use of 

TUG itself, the instruments commonly employed, and their internal functioning, and a 

description of the patient populations most likely to benefit from the availability of an 

instrumented TUG system. 

II.1 Relevance of the TUG to Clinical Populations 

When considering the purpose of this experiment, which is to find a way to 

change the limits of what the TUG can be used for in research and clinically, it must be 

considered what the TUG is being used for now, or rather who the TUG is being used to 

help and how. A brief summary of the major categories is necessary to appreciate the 

TUG’s application. In order for a subject to perform the TUG’s phases, multiple human 

abilities must be used: the physical work done by the legs, the estimation of the distance 

to the point of turning and the maintenance of balance while moving. Additional 

complicating factors are that balance can be disturbed by deterioration of motor control 

or by the inability to process the required sensory information from the vestibular system. 

Motor control can be affected by pathologies of the brain or the spinal cord.  

While only healthy subjects will be used in the experiment due to the need to 

validate the measurement of TUG phases, there are a wide variety of conditions relating 

to balance and mobility whose effect and human performance can be measured with the 

TUG.  
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II.2 Frail Elderly 

Although aging is not a malady, the elderly constitute a well-represented group of 

patients in the studies of the TUG. About one out of every three people over 65 years old 

suffer a fall every year (18).  Falling is not an inevitable consequence of aging and can be 

prevented if the risk factors are understood (18). Falling creates massive stress and a 

burden on the elderly individual who falls (18). Only 18% of people aged 85 or more do 

not have changes in balance and gait during aging (19). Falls are a substantial health 

problem and are a cause of both fatal and non-fatal injuries in the aged population (104). 

Fall-related injuries are among the major issues of care in the elderly (104).  In recent 

decades, scientific literature about aging has had increasingly more studies about frailty. 

Injury-related hospitalization and injury-related death for older adults are often caused by 

falls (104). The TUG has been used to evaluate the effectiveness of nutritional 

intervention in reducing the progression of functional decline in frail older adults (105). 

Although it has been suggested that the gait changes (such as slower gait speed) that 

occur with age are to adapt to various conditions to optimize balance and safety, the fact 

remains that the prevalence of falls increases with age from 33% at aged 65 to up to 50 % 

at aged 80 (8).  

II.3 Alzheimer’s  

Alzheimer’s disease has effects on physical abilities which are measurable by the 

TUG. The TUG has been used in a combination of tests to confirm that two three-axis 

accelerometers placed on subjects’ backs with an elastic belt can be used to distinguish 

between healthy elderly people, those with mild cognitive impairment and Alzheimer’s 
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disease, based on their gait profiles (8). Because both involuntary and voluntary, 

attentional components of gait weaken with age, the performance of a cognitive task 

while walking disturbs not only the postural balance but also the gait parameters related 

to the risk of falling (8). Because of the impairments to the executive functions of 

Alzheimer’s patients, the appearance of a gait disorder will be much more obvious if the 

patients have to perform an additional cortical task that competes with the cortical 

component of gait while performing a gait task (8). There is a reduction in gait speed 

during aging due to a reduction in stride length, stride irregularities due to lateral 

deviations, a shortening of the single support phase and a lengthening of the double 

support phase (8). Subjects with Alzheimer’s disease have lower gait speed, a lower 

stride length and greater cycle to cycle gait variability than elderly people free of 

cognitive disorders (8).  

II.4 Arthritis  

Arthritis changes a patient’s movement by affecting their joints. The TUG and the 

spatial-temporal parameters collected from 3D motion analysis can be used to confirm 

improvements from the preoperative to the 1 year post-operative and the 2 year post-

operative in patients receiving ankle arthroplasty (106). The spatial-temporal parameters 

of 3D motion analysis and the TUG can be used together to detect overall improvements 

in function during daily living in patients having received ankle arthroplasty (106).  

In patients who received ankle arthroplasty, preoperative pain causes subjects to 

shift weight away from the osteo-arthritic ankle, decreasing single-leg support time and 

increasing double leg support time. Decrease in ankle pain is thought to allow stride 
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length and step length to increase and step width is thought to narrow due to increased 

sense of stability. This would not be measurable with the TUG alone (106). Motion 

Analysis done on ankle osteo-arthritis patients can be used to collect data on stance time, 

step length, stride length, stride width single-support time, double support time and 

walking speed bilaterally (107). A global measure of disability and function is gait speed 

which has been correlated with disease processes, fitness level, activities of daily living 

and emotional states in arthritis patients (107).  

II.5 Traumatic Brain Injury  

The TUG is a test of a subject’s balance and can be used to monitor a subject’s 

balance while they recover from a traumatic brain injury (TBI). People who have had 

TBI have been shown to have deficits in postural control and coordination that persist 

years after the trauma even when rehabilitation has been completed (31). The reduced 

balance performance by people who have had concussions may be seen in changes in gait 

patterns and also during such activities as stair climbing, running, jumping, kicking a ball 

and riding bicycles (31). The TUG was used to determine that a short-home based, task-

oriented program of sit to stand and step up exercises was found to be feasible in treating 

severe TBI. The program monitored by the TUG improved functional balance 

performance, which was also maintained after the training ended, but it did not improve 

muscle strength and walking performance (108).  Motor disability can reduce the quality 

of life in children with severe TBI (108). Patterns of cognitive decline caused by TBI 

resemble the classic aging process (110). Cognitive decline can result in both cognitive 



 

108 

 

and motor deficits. Balance impairments are a common finding in patients with head 

injuries, peripheral neuropathy or vestibular disorders (111).  

II.6 Vestibular Disorders  

The TUG has been used to demonstrate improvements in both subjective and 

objective measures of balance after physical therapy in patients with vestibular disorders 

(112). The TUG has been used to assess the effectiveness of vestibular rehabilitation in 

decreasing ataxia and improving balance in subjects diagnosed with chronic vestibular 

pathology (113). The TUG has been used to assess how effective a simple home program 

of vestibular habitual head movement exercises is in reducing symptoms of imbalance 

during stance and gait (113). Improvements in TUG scores in patients recovering from 

vertigo were highly associated with decreases in the impact of vertigo on activities of 

daily living (113). When adjusted for age, the TUG has moderate sensitivity and 

specificity in patients with vestibular disorders (114).  

 The TUG is a sensitive measure that can be used to assess fall risk in persons 

with balance and vestibular disorders (115). Inability to compensate for vestibular deficits 

increases the risk of sustaining a fall for older individuals (116).  Vestibular dysfunction 

is known to be a significant contributor resulting in unexpected falls (116). The risk of 

falling in patients with bilateral vestibular loss has been evaluated using the TUG (117). 

The TUG has been used to assess the efficacy of physical therapy intervention in 

improving balance, reducing the number of falls reported, reducing self-perceived 

disability and improving gait in patients with bilateral vestibular loss (117). The TUG 

with other tests have been used to show that patients with bilateral vestibular loss may 
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have an improvement in gait and balance following physical therapy despite being at risk 

of falling (117).  

II.7 Other Conditions 

The TUG has been used to demonstrate differences in balance, functional 

mobility and balance confidence between fallers and non-fallers in patients with chronic 

obstructive pulmonary disease (7). The TUG was used to compare lower limb aerobic 

training and sensory attention focused exercise to a non-exercise group to determine 

which have greater benefit for Parkinson’s disease symptoms and gait in Parkinson’s 

disease patients (118). The TUG has been used to discover that while an aerobic program 

did not change Parkinson’s disease symptoms, it did lead to a normalized gait pattern due 

to an increased step length and a lesser extent velocity (118). The TUG was used as part 

of a combination of observational measurements to compare the efficacy of intensity 

functional exercise training with usual cardiac rehabilitation (119). The TUG was used to 

evaluate the effectiveness of shunt surgery in improving the performance of 

hydrocephalic patients (120). Little evidence has been recorded about the long-term 

outcomes of locomotive dysfunction such as cardiovascular events or reduction in the 

quality of life (121). The TUG is a short duration test that may detect changes in patient 

functional status, used to assess balance and mobility in the elderly, while being reliable 

and valid with patients with other conditions (122). TUG time has been found to be 

associated with cognitive impairment at higher speed, although not at a self-selected 

walking speed in the cognitively impaired (123).  
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The TUG has often been used in research for the same well established purposes a 

clinician would use it to determine the effectiveness of an intervention in patients, to 

assist in evaluating the suitability of another test for use with a given group of subjects or 

to determine the risk of falling.  
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Appendix III 

III.1 Bland-Altman Plots 

III.1.1 Sit-to-stand Phase 

 

Figure 18. Bland-Altman plot for sit-to-stand phase of the TUG. Boundaries with red 

dashed lines show the Limit of Agreement and the black dashed lines show the target 

error of .5s. The blue solid line is mean error and blue circles are the data points. 
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III.1.2 Walk #1 Phase  

 

Figure 19. Bland-Altman plot for 1
st
 walk phase of the TUG. Boundaries with red dashed 

lines show the Limit of Agreement and the black dashed lines show the target error of .5s. 

The blue solid line is mean error and blue circles are the data points. 
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III.1.3 Turn #1 Phase 

 

Figure 20. Bland-Altman plot for 1
st
 turn phase of the TUG. Boundaries with red dashed 

lines show the Limit of Agreement and the black dashed lines show the target error of .5s. 

The blue solid line is mean error and blue circles are the data points. 
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III.1.4 Walk #2 Phase 

 

Figure 21. Bland-Altman plot for 2
nd

 walk phase of the TUG. Boundaries with red 

dashed lines show the Limit of Agreement and the black dashed lines show the target 

error of .5s. The blue solid line is mean error and blue circles are the data points. 
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III.1.5 Turn #2 Phase 

 

 

Figure 22. Bland-Altman plot for 2
nd

 turn phase of the TUG. Boundaries with red dashed 

lines show the Limit of Agreement and the black dashed lines show the target error of .5s. 

The blue solid line is mean error and blue circles are the data points. 
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III.1.6 Stand-to-Sit Phase 

 

Figure 23. Bland-Altman plot for stand -to- sit phase of the TUG. Boundaries with red 

dashed lines show the Limit of Agreement and the black dashed lines show the target 

error of .5s. The blue solid line is mean error and blue circles are the data points. 
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III.2 Original Marker Set 

Table AII1.1: IBME 2012 marker set that includes legs, pelvis, trunk and head. As 

determined by pilot testing, markers required for TUG event detection are shaded in the 

table and circled in the images, below. Other markers will not be used during testing. 

Vicon Labels Description Placement Notes 

1. HEAD MARKERS 

FHead Forehead All three head markers are fed through a common 

strap with 5 empty holes between each marker 

FHead: placed on midline of anterior-most aspect 

of frontal bone 

RHead/LHead: placed on the lateral surface of 

each temporal bone, superoanterior to ear 

 

 

 

RHead Right temple 

LHead Left temple 

2. TORSO MARKERS 

RAC Right acromion Placed on superior aspect of right acromion (above 

dorsal-most point of acromio-clavicular joint) 

LAC Left acromion Placed on superior aspect of left acromion (above 

dorsal-most point of acromio-clavicular joint) 

Strn Upper sternum Placed on midline of anterior manubrium (inferior 

to suprasternal notch) 

3. PELVIS MARKERS 

MSacral Mid-Sacrum Cluster: Sacral markers (3) attached to a rigid plate 

to form a upward-pointing isosceles triangle (4” x 

2”) 

MSacral: placed on midline of sacrum in a 

horizontal plane with RASIS/LASIS (marker fed 

through belt hole to affix sacral cluster to body) 

LSacral/RSacral: placed on sacrum inferolateral to 

MSacral (one marker on either side) 

RSacral Right Sacrum 

LSacral Left Sacrum 

RASIS Right ASIS Placed directly anterior to right anterior superior 

iliac spine in a horizontal plane with LASIS 

(marker fed through belt hole) 

LASIS Left ASIS Placed directly anterior to left anterior superior iliac 

spine in a horizontal plane with RASIS (marker is 

fed through belt hole) 

4. THIGH MARKERS 

RThighUpp Right upper 

anterior femur 

Placed on anterior midline of right femur at a 

position ~⅓ down the femur 

RThighLow Right lower Placed on anterior midline of right femur at a 
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anterior femur position ~¾ down the femur 

RThighLat Right lateral femur Placed on posterolateral right femur roughly in a 

horizontal plane with RThighUpp so that right 

thigh (3) markers form a right-angle triangle 

RMFE Right medial knee RMFE: Placed on medial epicondyle of right femur 

RLFE: Placed on lateral epicondyle of right femur 

All knee markers (4) are placed in a horizontal 

plane and align to approximate tibiofemoral joints 
RLFE Right lateral knee 

   

LThighUpp Left upper anterior 

femur 

Placed on anterior midline of left femur at a 

position ~⅓ down the femur 

LThighLow Left lower anterior 

femur 

Placed on anterior midline of left femur at a 

position ~¾ down the femur 

LThighLat Left lateral femur Placed on posterolateral left femur at a height 

midway between LThighUpp and LThighLow so 

that left thigh markers (3) form an isosceles triangle 

LMFE Left medial knee LMFE: Placed on medial epicondyle of left femur 

LMFE: Placed on lateral epicondyle of left femur 

All knee markers (4) are placed in a horizontal 

plane and align to approximate tibiofemoral joints 
LLFE Left lateral knee 

5. SHANK MARKERS 

RShankUpp Right upper 

anterior tibia 

Placed on anterior midline of right tibia at a 

position ~⅓ down the tibia 

RShankLow Right lower 

anterior tibia 

Placed on anterior midline of right tibia at a 

position ~¾ down the tibia 

RShankLat Right lateral tibia Placed on posterolateral right tibia roughly in a 

horizontal plane with RShankUpp so that right 

shank (3) markers form a right-angle triangle 

   

LShankUpp Left upper anterior 

tibia 

Placed on anterior midline of left tibia at a position 

~⅓ down the tibia 

LShankLow Left lower anterior 

tibia 

Placed on anterior midline of left tibia at a position 

~¾ down the tibia 

LShankLat Left lateral tibia Placed on posterolateral left tibia at a height 

midway between LShankUpp and LShankLow so 

that left shank (3) markers form an isosceles 

triangle 

6. FOOT MARKERS 

RMM Right medial ankle RMM: Placed on medial malleolus of right tibia  

RLM: Placed on lateral malleolus of right fibula  

All ankle markers (4) are placed in a horizontal 

plane 

RLM Right lateral ankle 

RFMH Right medial mtp Placed on head of right first metatarsal, dorso-

medial aspect of first metatarso-phalangeal joint 
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RVMH Right lateral mtp Placed on head of right fifth metatarsal, dorso-

lateral aspect of fifth metatarso-phalangeal joint 

RPM Right hallux Placed on most distal and dorsal aspect of head of 

proximal phalanx of right hallux 

RCA Right calcaneus Placed on upper central ridge of right calcaneus 

posterior surface, i.e. Achilles’ tendon attachment 

   

LMM Left medial ankle LMM: Placed on medial malleolus of right tibia  

LLM: Placed on lateral malleolus of right fibula  

All ankle markers (4) are placed in a horizontal 

plane 

LLM Left lateral ankle 

LFMH Left medial mtp Placed on head of left first metatarsal, dorso-medial 

aspect of first metatarso-phalangeal joint 

LVMH Left lateral mtp Placed on head of left fifth metatarsal, dorso-lateral 

aspect of fifth metatarso-phalangeal joint 

LPM Left hallux Placed on most distal and dorsal aspect of head of 

proximal phalanx of left hallux 

LCA Left calcaneus Placed on upper central ridge of left calcaneus 

posterior surface, i.e. Achilles’ tendon attachment 
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