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A B S T R A C T

Gait analysis is the study of human locomotion. It is used in a variety of

�elds such as the medical and sports sector. These days, most gait analy-

sis is done in gait laboratories. However, lately one has been trying to �nd

ways to complement these restricted, expensive environments by using

inertial sensors such as gyroscopes and accelerometers. These sensors

o�er the possibility to collect more data and don’t limit the freedom of

movement of the people whose gait is being analysed. A variety of algo-

rithms have been developed to extract gait events from the data collected

by these sensors. These algorithms have been validated against systems

that o�er the ground truth, such as pressure sensitive insoles, force plates

and visual motion capture systems. However, it remains unclear which

type of sensor is more suited for detecting gait events in di�erent environ-

ments. In this thesis research is done to examine how both types handle

di�erent circumstances, positions and orientations. For the purpose of

this research data was collected in an outdoors environment.
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1
I N T R O D U C T I O N

Gait analysis is the study of the human (and animal) locomotion, its ap-

plications are primarily in the health care and sports sector. But because

of the nature of it, namely being unique for every individual, it also of-

fers possibilities for biometric identi�cation and forensics. Gait analysis

may be useful in understanding the physiology of gait, in quantifying age-

related and pathological alterations in the locomotive control system, and

in augmenting objective measurement of mobility and functional status

[21]. Using this kind of information allows diagnoses and intervention

strategies to be made, as well as permitting future developments in re-

habilitation engineering. Gait analysis is also used in professional sports

training to optimize and improve athletic performance or as a way to rec-

ognize activities [50]. Aside from the practical purposes, there is a big

interest in the dynamic of locomotion itself.

Before going in deeper, one should have a basic understanding of the dif-

ferent elements of a gait cycle. A single gait cycle is de�ned as the period

between any two successive repetitive gait events [49]. It consists of two

major phases, namely stance and swing phases. The stance phase begins

with initial contact (IC) or heelstrike (HS), which marks the beginning of

the load transfer to the ground-contacting foot. The stance phase ends

with foot-o� (FO) or Toe-O� (TO), which marks the complete lifting of

the load. Swing phase starts with FO and ends with IC, which is the phase

where the actual foot motion occurs. Normally, the stance phase consti-

tutes approximately 60% of the whole gait cycle, and the swing phase

constitutes the remaining 40% [49]. Gait analysis can be performed in

multiple ways. First of all there is the visual inspection of gait, which can

be done with the use of video cameras combined with some markers at-

tached to the body. A treadmill is often used to be able to use a certain

speed. Secondly, force plates, which measure the ground reaction forces

and moments, o�er additional information. However, to be able to detect

the activity and contribution of individual muscles to movement, it is nec-

essary to investigate the electrical activity of muscles. Many labs also use

surface electrodes attached to the skin to detect the electrical activity or

electromyogram [50]. Last but not least, one could use gyroscopes or ac-

celerometers on di�erent body parts to gather information from which

you can extract gait parameters.

Until a couple of years ago most research concerning gait parameters

was done in laboratories which implied that all data had to be collected

indoors. Moreover, the cost of these laboratories is pretty high, because

a lot of equipment is necessary, such as built-in treadmills, force plates

and video equipment. Furthermore, there is the white coat e�ect, a term

usually used for the phenomenon in which patients, in a clinical setting,

exhibit a blood pressure level above the normal range [8]. This term is

also applicable when it comes to gait analysis, in the way that people

1



2 introduction

might subconsciously change their gait pattern when it is observed. How-

ever, in this day and age both gyroscopes and accelerometers can be used

to analyze gait and both types of sensors are easily available in smart-

phones as well as in higher quality sensing devices. To avoid altering a

subject’s natural movement, a necessary requirement during daily phys-

ical activity monitoring is that the smallest number of sensors should be

positioned in minimally cumbersome locations [13].

Both types of sensors, accelerometers and gyroscopes, have been tested

against the classic ways for gait analysis (pressure sensitive insoles/plates

and optical motion analysis) and have been found useful to retrieve the

same kind of information as the traditional systems would [23, 17]. It is

however still valuable to examine whether or not it make sense to use

both. It might be possible that one contains the same information as the

other and renders it useless. But since they o�er di�erent data, it seems

probable that fusion could give some richer results. The question remains

how hard it is to get valuable data out of the sensors. For real-time ap-

plications a high absolute accuracy might be needed, but for a lot of ap-

plications stride- and steptimes might be su�cient. In that last case an

algorithm that shows consistent results with an almost constant o�set

to the groundtruth might be preferable over an algorithm that performs

better in terms of mean accuracy but is less consistent.

There are some signi�cant di�erences between accelerometers and gyro-

scopes. The main di�erence lies in the nature of both types:

Gyroscopes measure angular velocity, accelerometers measure linear ac-

celeration. To be able to do a fair comparison, data should be collected by

the accelerometer sensors and gyroscope sensors simultaneously (placed

on the same body part). This also implies that the location of the sensors

on the body is of critical importance. Comparing them when they are

attached to the chest therefore isn’t fair because of the lack of angular

movement in the upper body when moving. But when it comes to place-

ment on the hips, thighs, shins or feet, it’s hard to tell which sensor will

perform better. Another important factor is the terrain; data collected in

a (semi-)controlled environment will look di�erent than data collected

during a free outdoor walk because slopes and corners in�uence the gait.

Which sensor is going to give the best results? Is it possible to compensate

for known artifacts in the data to get better results (e.g. gyroscopes tend

to drift o� when a turn is made)? Because of the ease of use of a smart-

phone and the tendency to get away from the laboratories, it makes sense

to use it to collect data as well. Smartphones are generally kept in one of

the pockets of the trousers at hip level. Again some questions came up:

In which way will this in�uence the collected data? Are both types of

sensors, accelerometers and gyroscopes, still going to be usable? Once

the data is collected an algorithm will be necessary to convert this data

into a usable metric. Because of the di�erent types of data worked with,

multiple algorithms are needed. Therefore a comparison can only take

place on separate levels (Figure 1).

Since either of those might have an o�set to the true values, it’s possi-

ble to get some results that are slightly di�erent. This is in the best case,

because they might as well return false results. In order to verify these



introduction 3

Figure 1: The main scheme.

algorithms, some way to de�ne the ground truth is needed. In this case

pressure sensitive insoles are used.



4 introduction

1.1 goal

The aim of this thesis is to compare and evaluate the accuracy and the

ease of use of both types of sensors, accelerometers and gyroscopes, in

terms of gait event detection compared to each other and pressure sen-

sitive insoles in an unrestricted situation for temporal gait analysis in

order to facilitate future research. This is done by trying to answer the

following questions:

• Is it possible to tell based on some of the inherent properties, such

as power consumption and temperature-sensitivity, of accelerome-

ters and gyroscopes which one is more appropriate for gait analy-

sis?

• Can a ranking system, with a focus on the accuracy of the algo-

rithms, be designed to order gait event detection algorithms and is

it possible to decide on that ranking-system which type of sensor,

accelerometers or gyroscopes, is better for gait analysis?

• Is the aforementioned ranking in�uenced by the location on the

body for which the algorithm is designed to be used?

1.2 methodology

First of all data needs to be collected in an uncontrolled environment such

as outdoors. Comparing gyroscope and accelerometer performance can

only be done properly if applied to the same data set. Data of +-10 indi-

viduals will be collected. Sensors (Shimmers) will be placed on various

body parts, along with pressure sensitive insoles. Those insoles will o�er

ground truth information to which the sensor data can be compared to.

Firstly, the participants will be asked to walk around an athletics track

a couple of times and will be requested to change their speed at certain

points. Three main speeds are examined: Preferred Walking Speed (PWS),

Slow Walking Speed (SWS) and Fast Walking Speed (FWS). Secondly par-

ticipants will need to walk on the rhythm of a metronome. Thirdly, par-

ticipants will walk around with a brace to mimic limp walk.

As mentioned above, the value of this thesis is based upon the com-

parison of both sensors plus the fact that the restricted environment has

been left. If it is possible to show that this kind of data can also be used

to examine gait, the necessity of expensive labs decreases. Secondly, the

algorithms needed for converting the data into usable (= comparable) in-

formation have to be examined. Not every algorithm available in the lit-

erature will be suitable.

By comparing the accuracy of di�erent algorithms, which is possible

thanks to all the data that is gathered, an idea can be formed of which

sensor tends to be more reliable. Furthermore, if we look at the possible

di�erent locations for the sensors on the body and, based on that, com-

pare and rank algorithms; we simplify the whole process of future data

collection.



2
S TAT E O F T H E A R T

2.1 mems characteristics

The rapid growth in physiological sensors, low-power integrated circuits,

and wireless communication has enabled a new generation of wireless

sensor networks, now used for purposes such as monitoring tra�c, crops,

infrastructure, and health (Body Area Networks)[51]. Thanks to these Mi-

croElectroMechanical Systems (MEMS), sensors are really small. Because

of this, these sensors can be used basically everywhere, thus data can be

collected in uncontrolled (or less controlled) environments. A compari-

son of the aforementioned types of sensors in an uncontrolled environ-

ment has -to the best of my knowledge- not been done before. But that

doesn’t mean they haven’t been combined. [13].

Looking at gyroscopes, there are some alternatives, such as mechani-

cal and optical gyroscopes, but despite years of development, these still

have high part counts and a requirement for parts with high-precision

tolerances and intricate assembly techniques. As a result they remain ex-

pensive. In contrast MEMS sensors built using silicon micro-machining

techniques have low part counts (a MEMS gyroscope can consist of as

few as three parts) and are relatively cheap to manufacture. MEMS gy-

roscopes make use of the Coriolis e�ect, which states that in a frame of

reference rotating at angular velocityω, a mass m moving with velocity

v experiences a force:

Fc = −2m(ω ∗ v)

MEMS gyroscopes contain vibrating elements to measure the Coriolis ef-

fect. Many vibrating element geometries exist, such as vibrating wheel

and tuning fork gyroscopes. The simplest geometry consists of a single

mass which is driven to vibrate along a drive axis. When the gyroscope

is rotated a secondary vibration is induced along the perpendicular sense

axis due to the Coriolis force. The angular velocity can be calculated

by measuring this secondary rotation. At present MEMS sensors cannot

match the accuracy of optical devices, however they are expected to do

so in the future. Below is a list of the advantageous properties of MEMS

sensors, taken from [46].

• small size

• low weight

• rugged construction

• low power consumption

• short start-up time

• inexpensive to produce (in high volume)

• high reliability

5



6 state of the art

• low maintenance

• compatible with operations in hostile environments

The major disadvantage of MEMS gyroscopes is that they are currently

far less accurate than optical devices.

When it comes to accelerometers Micro-machined silicon accelerometers

use the same principles as mechanical and solid state sensors.

The basic principle of operation behind the MEMS accelerometer is

the displacement of a small proof mass etched into the silicon surface

of the integrated circuit and suspended by small beams. Consistent with

Newton’s second law of motion (F = ma), as an acceleration is applied to

the device, a force develops which displaces the mass. The support beams

act as a spring, and the �uid (usually air) trapped inside the IC acts as a

damper, resulting in a second order lumped physical system. This is the

source of the limited operational bandwidth and non-uniform frequency

response of accelerometers [12].

There are two main classes of MEMS accelerometer. The �rst class con-

sists of mechanical accelerometers (i.e: devices which measure the dis-

placement of a supported mass) manufactured using MEMS techniques.

The second class consists of devices which measure the change in fre-

quency of a vibrating element caused by a change of tension, as in surface

acoustic wave (SAW) accelerometers. The advantages of MEMS devices

listed above apply equally to accelerometers as they do to gyroscopes.

They are small, light and have low power consumption and start-up times.

Their main disadvantage is that they are not currently as accurate as

accelerometers manufactured using traditional techniques, although the

performance of MEMS devices is improving rapidly [52]. Another impor-

tant component which should not be overlooked is the noise inherent

to both sensors. Noise can be classi�ed in a variety of di�erent groups,

such as: Bias, white noise, noise due to temperature e�ects, calibration or

bias instability[52]. A lot of research has been done to search for ways to

handle these errors in gyroscopes and accelerometers (e.g. [11, 36, 31]).

2.1.1 Temperature sensitivity

The concept of noise and the di�erent types is already brie�y mentioned,

but it’s important to know to which extent they in�uence the signal.

One of the most in�uential factors is temperature. In [42], they focus

on the analysis of the characteristics of the gyro random drifts and com-

pensation of gyro drift due to temperature variations. This study uses

in-house-designed low cost MEMS IMUs to conduct the temperature ef-

fect testing. From the test results, the gyro null voltage appears to contain

rapidly changing short-term random drift and slowly changing long-term

drift. For rapidly changing short-term noise, some forms of low-pass �l-

ter or moving average �lter is usually incorporated to handle the high

frequency noise in real-time and on-line process. The main contribution

of [42] is that the gyro null voltage drift due to temperature variations

is carefully analyzed. The results show that with every 10
◦
C increase
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in temperature, the examined gyroscopes have approximately 0.8 - 1.7

deg/sec drift of angular rate. Furthermore it is stated that this rate isn’t

necessarily equal for every axis.

As stated before temperature di�erence might have an in�uence on

the measurements. For this thesis Shimmer3 IMU Units were used to col-

lect the data. In the documentation available on the o�cial website the

speci�c type of accelerometer and gyroscope embedded are provided.
1

The gyroscope embedded is a Invensense MPU-9150, the wide-range ac-

celerometer is a STMicro LSM303DLHC. All available information about

these can be found in the corresponding data sheets [2, 1].

Accelerometer In the accelerometer’s data sheet the operating tem-

perature range is de�ned as -40°C to +85°C. The �rst parameter poten-

tially in�uenced by the temperature is the ’Linear acceleration sensitiv-

ity’, which describes the gain of the accelerometer sensor and can be de-

termined by applying 1 g acceleration to it. This value changes very little

over temperature and also very little over time. But it does change a little,

the ’Linear acceleration sensitivity change vs. temperature’ is ±0.01 %
◦C .

A second parameter that is possibly in�uenced by temperature changes

is the ’Linear acceleration Zero-g level’. This characteristic is de�ned as

the deviation of an actual output signal from the ideal output signal if no

acceleration is present. A sensor in a steady-state on a horizontal surface

measures 0 g on the X axis and 0 g on the Y axis whereas the Z axis mea-

sures 1 g. A deviation from the ideal value in this case is called Zero-g

o�set. O�set is, to some extent, a result of stress to the MEMS sensor and

therefore the o�set can slightly change after mounting the sensor onto a

printed circuit board or exposing it to extensive mechanical stress. Once

again, this o�set changes little over temperature, the ’Linear acceleration

Zero-g level change vs. temperature’ is ±0.5mg◦C .

Gyroscope In case of the gyroscope there are a couple of similar

characteristics listed that are in�uenced by temperature. It is stated that

the working temperature of the device also lays between -40°C to +85°C.

The �rst mentionable thing is the ’Sensitivity Scale Factor Variation Over

Temperature’ (-40°C to +85°C); apparently the sensitivity changes±0.04 %
◦C .

This parameter de�nes how, when temperature changes from 25°C room

temperature, the sensitivity will change in percentage per °C.

A second parameter is the ’Zero Rate Output Variation Over Temper-

ature’, this one clari�es, when temperature changes from 25°C, how the

zero-rate level (when there is no angular velocity applied to the gyro-

scope) will change per °C. Remarkably, this value turns out to be±20◦C/s
over the whole temperature range. The reason why this is remarkable is

because they indicate an ’Initial Zero Tolerance’ of ±20◦C/s at 25°C as

well. This gives the impression that temperature has no in�uence at all.

It is very unlikely that this value is the same at each temperature. The

assumption has to be made that a worst case scenario is given.

Although zero rate and and zero-g level aren’t immediately compara-

ble, it can be assumed that the temperature will have a smaller impact on

1 ’http://www.shimmersensing.com/support/wireless-sensor-networks-documentation/’
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the accelerometer than on the gyroscope. However, the aforementioned

parameters are di�erent for every type of MEMS gyroscope or accelerom-

eter. For example the FXAS21002C has a worst case zero-rate o�set of

3.125 dps, which is way better than the gyroscope embedded in the shim-

mers. Some simple reasoning leads to the conclusion that one should take

this noise into account. It means that in an ideal case one should have

to try to calibrate the gyroscope at the operating temperature. Not only

the ambient temperature plays a factor, if the sensor gets attached to a

person, temperature changes will take place. However the skin tempera-

ture is not equal all over the human body. In [53] research was done that

shows this.

The exact outcome of this study is of lesser importance, what matters

is that, depending on the location, the skin temperature can vary several

degrees (in [53] di�erences of more then 4 °C are observed). Since most of

the time calibration will take place at room temperature it might be good

to pick a location where the temperature di�erence is as low as possible.

A similar e�ect occurs in terms of acceleration when an accelerometer is

examined.

Often the change in temperature during the walk can be considered

negligible. However, if the sensor was used for extended periods of time,

a high pass �lter should be used to account for drift due to changes in

temperature [38].

2.1.2 Power consumption

In case of the sensors (Shimmers) used for the data collection done in

function of this thesis the information on the data sheets seems to be

limited when it comes to actual power consumption. The accelerome-

ter is said to work at 110 µA in normal operating conditions, which is

at a frequency of 50 Hz (while the magnetometer is set at 7.5 Hz). The

sheet doesn’t give any information about how this value changes over

increasing operating frequencies. The data sheet of the gyroscope isn’t

more precise. Because the MP-9150 actually contains a accelerometer and

magnetometer as well the information is given as follows: Gyro + Accel

(Magnetometer and DMP disabled) operate at 3.9 mA (Gyro at all rates

and magnetometer at 8Hz). In this case the accelerometer is the clear win-

ner, consuming way less energy than the gyroscope. This seems to be the

general case for most MEMS gyroscopes and accelerometers.

2.2 related work

Previous research concerning the comparison of both types of sensors

has been limited to restricted environments except in a couple of occa-

sions. In [13] gait event detection has been studied both in laboratory

and real life settings; more speci�cally the accuracy of ankle and waist

based sensors. For their research they collected data from ten volunteers,

who each wore 3 IMUs (OpalTM, APDM; weight 22 g, size 48.5 mm x

36.5 mm x 13.5 mm), one located on the lower trunk and the two oth-

ers at each ankle. Two pressure-sensing insoles (F-Scan 3000E, Tekscan)
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were used to obtain IC and FC reference timings. They used a sampling

frequency of 128 Hz and the gait events were obtained using the ground

reaction force (10 N threshold). A vertical jump was used as a synchro-

nizing event between the IMUs and the insoles in order to realign the

two signals coming from both instruments at the beginning of each trial

[13]. Their main research purpose was to question whether or not the

acceleration and angular velocity patterns generated during real life be-

haviour could a�ect the accuracy of algorithms tested in the controlled

laboratory conditions. They concluded that only small di�erences where

noticeable in both methods (for mean and variability measures) and be-

tween di�erent environments and di�erent walking protocols. A result

that they interpreted as encouraging for the application in free living

gait. In their experiments the SHANK method outperformed the WAIST

method, nevertheless, temporal parameter estimation remained possible

during outdoor free walking.

In [9] similar research has been done.

Most other research has focused on testing the possibility to use these

two types of sensors for gait analysis by comparing them to more precise

methods such as optical motion systems and force plates. In [17] an adap-

tive gyroscope-based algorithm is proposed for temporal gait analysis.

It’s important to notice that a wide variety of algorithms exist, some us-

ing solely gyroscope data, others solely accelerometer data. Some of them

use all the data along the measurable 3 axes of the sensors, while others

only use one speci�c axis, based on some domain knowledge. There are

algorithms that try to combine the best of both worlds, selecting informa-

tion from gyroscopes and accelerometers together to create an optimal

algorithm. The question remains if the better accuracy is also wanted,

because a fusion of both results in a higher energy expenditure which

might be deteriorating a system used to collect data in real life.

2.3 sensor position

The location of the sensors in�uences the signal in a lot of ways. For exam-

ple, locating the gyroscope on the front of the shank o�ers some advan-

tages over other locations, for example there is less soft tissue movement

on the anterior aspect of the shank than on the thigh [26] and the signal

is less variable between subjects for shank signal with respect to the foot

signal [15]. The results in [27] showed that gyroscopes could be placed

anywhere along the same plane on the same segment giving an almost

identical signal. The gyroscopes can therefore be attached to a convenient

position which might avoid areas of skin and muscle movement. Placed

on foot segments, inertial sensors can be used for gait parameter esti-

mation. However, by adding sensors on leg segments, more information,

such as joint angles, can be obtained [5]. The gyroscope may be worn

under clothes, improving the system cosmetics and there is no need for

footwear or footwear adaptations. For those applications that require de-

tection of gait events, a detection system consisting of only one sensor

has practical advantages in terms of cosmetics, cost, ease of placement,

and time required to don and do�. Moreover, the gyroscope placed at the
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shank has proven to be acceptably accurate in healthy [25, 44] and patho-

logical gait for detection of gait events when walking on level ground

[44, 25, 4]. However, the evaluation of detection using a gyroscope placed

on the shank for subjects walking on di�erent terrains is still pending.

The part above, as regards to the cosmetics, applies to accelerometers as

well.

Lower body segments have been mainly considered for accelerometer/-

gyroscope placement when used for gait event identi�cation. However,

such approaches usually require independent sensors for each lower limb,

thus increasing the cost of the solution and the interference in the every-

day life of the subject [10]. That’s why a solution using only one sensor

(e.g. [34]) might be a better solution.

Previous work has evaluated the detection of gait events for incline

walking using one gyroscope placed on the foot [6, 45]. However, as noted

above, the location of the gyroscope on the shank presents some advan-

tages in terms of ease of use and cosmetics over its location on the foot.

Also, both studies reported the overall results considering ramp up and

ramp down walking (and level ground for [6]) as one condition, hence

the di�erence in detection between incline up, incline down and level

ground was not assessed.

As there are major di�erences in the angle of the knee at IC and FO for

walking up and down inclines with respect to level ground ambulation

[7, 33, 40], it is possible that these changes may a�ect the detection of

events using shank angular velocity [38].

The use of gyroscopes for the calculation of temporal parameters is a

particularly attractive solution as, unlike accelerometers, gyroscopes are

less sensitive to the in�uence of gravity and therefore the signal is less

dependent on exact sensor positioning [27]. Although some algorithms

work around this problem [28].

It might be tempting to position the sensors on the wrists, however it

was observed that estimating ICs from accelerometer placements on the

arm such as wrist and upper arm was more challenging [30]. Although

arm swing motion is generated naturally during bipedal walking, it is not

a necessary criteria for stable walking and often humans change their

arm motions during everyday walking [20].
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2.4 applicability for real-time situations

The applicability for real-time situations is not per se dependent on the

sensors used, but more on the algorithms used to detect the events. Al-

though e.g. power consumption might have an e�ect on this as well. In

most studies e�orts are done to develop algorithms that are as precise as

possible, and often these algorithms can be executed a while after the data

has been collected, so time-delays aren’t a concern. However, for func-

tional electrical stimulation and gait biofeedback real-time information

is required. In the validation studies of these sensors that provide timing

errors, none of the systems can detect gait events in real-time and the

timing errors are still notably larger than those reported for footswitch

systems. The timing errors reported for o�-line IC detection include 15

± 16 ms using a single tri-axial accelerometer [48], 34 ± 25 ms for two

uniaxial accelerometers [41] 11 ± 23 ms for a combined accelerometer

and gyroscope system [22], and 10 ms (95con�dence interval of 7â13 ms)

for a three goniometer system [24]. It should be noted that gyroscopes

do have certain weaknesses as gait detection sensors, in comparison to

accelerometers. These include the fact that piezoelectric gyroscopes are

less structurally robust, are more sensitive to temperature and shock, and

require powerful �ltering to cancel drift and artefacts in the signal [24].

[18] In Chapter 5 the real-time characteristics will be mentioned in the

description of the corresponding algorithms.



3
N AT U R E O F A N G U L A R V E L O C I T Y A N D L I N E A R

A C C E L E R AT I O N G A I T S I G N A L S

This chapter will serve as a build-up to the actual analysis part of this

thesis by studying some inherent properties of the signals collected by

gyroscopes and accelerometers when it comes to gait analysis. All data

used in this chapter was collected during a pilot of the actual data col-

lection. Initially it was planned to use pressure sensitive insoles during

this pilot, but because of malfunctioning software these had to be left out.

Due to this fact there wasn’t any ground truth information to which the

results extracted by di�erent algorithms could be compared. Therefore

an actual comparison of the accuracy of the algorithms couldn’t be per-

formed yet, so the best thing to do with this data was to observe the char-

acteristics of it, e.g. by comparison of the inherent features of both types

of sensors or by studying0 the in�uence of the location of the sensors

on the body. A single participant (male, 28, 1.77m) took part in this pi-

lot. Because of the weather conditions, the event took place in an indoor

sports hall, with a rectangular shape, instead of on an outdoors sports

track. Ten shimmers and three smartphones were used in order to collect

data. The smartphone data was not used afterwards. The aforementioned

unexpected conditions forced us to adapt and slightly change the proto-

col. The complete �nal protocol can be found in the back as an appendix,

in which the orientation of the shimmers is also mentioned. In the �nal

protocol the mobile phones were discarded and the shimmer on the right

shank was put on the front area.

During the event gyroscope, accelerometer and magnetometer data

were collected. For the purpose of this thesis we’re only interested in

the �rst two. Although every sensor was calibrated, some bias seemed

to be present in a few data �les. But since this is mostly a constant fac-

tor, it was possible to exclude this bias by calculating the mean values

during a complete still stand and subtract this mean value from all the

corresponding data.

To make it possible to di�erentiate between the di�erent types of ac-

tivities, a little break in-between each type of walking was scheduled, re-

sulting in easily distinguishable data. Afterwards it seemed better to let

the participants perform a little jump before and after every part, even if

this increased the risk of the sensors getting loose.

Having a more detailed look at the data, some other things can be ob-

served. One thing that is noticed immediately by looking at Figure 2 is

that the acceleration data on the lateral x-axis looks way more ’inconsis-

tent’ than the data on the other two axes.

This becomes more obvious when both of them are plotted in the fre-

quency domain ( Figure 3).

Here it can be seen that the data along the x-axis (blue line) is more

apparent in the higher frequencies than that along the y-axis, hence the

12
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Figure 2: Acceleration data of every axis

Figure 3: Acceleration signals left shank during PWS in the frequency domain

less smooth appearance in time domain. It’s hard -and way too early- to

say, based on the above information , which axis would be more suitable

to develop an algorithm for to detect the gait events. It is also observed

that the magnitude range is more or less equal for every signal. Looking

at the gyroscope data ( Figure 4) something similar is seen, but this time

it’s the other way around. It seems that, looking at the x-axis, the shape of

the track has little in�uence on the signal but examining the other two it

becomes apparent again. Since the rotation around the lateral axis seems

to be in�uenced the least, it might be convenient to develop gait event

detection algorithms based on this data. However, looking at these signals

a bigger di�erence is noticed between the range of the magnitudes.

The position of the sensors seems to have a crucial part in the ability to

extract gait events out of the data. In Figure 5 the data collected by two

shimmers is compared, one shimmer placed on the left shank of the par-

ticipant, the other placed on the sternum. The orientation of both was

equal (Y-axis downwards, X-axis lateral, Z-axis along the displacement
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Figure 4: Angular velocity signal along the every axis of the shimmer placed on

the left shank during PWS

of participant). Not only does the signal on the sacrum looks more un-

stable, but the magnitude of the signal is way smaller than that on the

shank. Which can be easily understood thinking about what exactly is

measured. When people walk there is very little rotational movement at

chest height.

Figure 5: Comparison of gyroscope data collected at the shank and the sacrum

This clear di�erence isn’t always as present as in the above example.

By looking at data collected by a shimmer on the right wrist of the par-

ticipant (this time the z-axis being the lateral one) we see that all three

signals seem to be less stable than the data collected on the shank. (Fig-

ure 6)

However, in some cases the di�erence gets extremely minimal. In Fig-

ure 7 the data collected from the shimmers located at the left ankle and

shank are aligned. Not so surprisingly these signals look very much alike.
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Figure 6: Gyroscope data collected at the right wrist during PWS

This will allow several algorithms to work on both, at least when accu-

racy of the event detection doesn’t prevail.

Figure 7: Gyroscope data collected at the left ankle and shank during PWS

Another factor that in�uences the data and the processing of the data is

the gait speed. Looking at the data collected on the left shank at di�erent

speeds note a range of things can be noted (Figure 8). Looking at the

close up the frequency di�erence that occurs can practically be seen, even

when the step size seems to lengthen when the speed increases. Secondly,

walking faster seems to imply a higher acceleration amplitude.

Not only does the position on the body itself play an important role,

orientation of the sensors does as well. Having a closer look at some gy-

roscope data collected from a Shimmer attached to the right ankle with

its z-axis aligned along the lateral axis of the body, it can easily be seen

that orientation itself in�uences the signal.

It’s clear that the Z-axis, the one that got aligned along the lateral axis,

has the most distinct signal and is clearly the most appropriate one to
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Figure 8: Close up comparison of accelerometer data with di�erent speeds (Left

shank)

Figure 9: In�uence of the orientation on the gyroscope signal

use. This could potentially cause some problems. Imagine the di�erence

in positioning between a person with duck walk and a person with a

healthy gait.
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D ATA C O L L E C T I O N

The foundation for this comparison is the aforementioned data collection.

Several steps were taken in order to collect meaningful and valuable data.

The hardware equipment used to collect the data consisted of a set of

Shimmers and a pressure sensitive insole-set (Pedar). A lot of problems

were encountered during this process. The total amount of steps taken

into consideration for this thesis are given in Table 1 for all participants

whose data was used.

Walking type P1 P2 P4 P6 P7 P8 P10 P11

PWS 293 284 265 281 264 302 255 262

SWS 341 294 303 297 233 321 306 288

FWS 268 251 257 248 236 287 226 236

TOTAL 902 829 825 826 733 910 787 786

Table 1: Total amount of steps collected for every person during Preferred Walk-

ing Speed (PWS), Fast Walking Speed (FWS) and Slow Walking Speed

(SWS). Note that the overall trend seems to be that walking slower re-

sults in more (and smaller) steps for the same distance and walking

faster results in less steps. Only P7 seems to break this trend.

4.1 calibration

The �rst step in the preparation of this data collection was the calibra-

tion of the sensors embedded in the shimmers. For this purpose desig-

nated software was used (Shimmer 9DoF Calibration v2.9). This software

allowed for static calibration of the embedded accelerometers and static

plus dynamic calibration of the embedded gyroscopes. This could be done

after a Bluetooth connection was set up between the sensors and the

computer used. The software allowed to set up a connection with the

shimmers, one by one, and to adjust/overwrite the necessary settings.

However, lacking the needed equipment (a �at surface rotating at a con-

stant pace), the dynamic calibration of the gyroscope was left out. Since

we were also planning to collect magnetometer data, calibration was per-

formed for this sensor as well. The magnetometer data was collected to

provide a richer database to whoever might be interested. Calibration of

the embedded accelerometer was done by placing the sensor on a �at

surface along every axis. A small constant bias after calibrating was ac-

ceptable because it’s nearly impossible to attach the sensors on a human

body perfectly aligned with the axes chosen for calibration. The afore-

mentioned o�set can be �ltered out of signal, however in most cases this

won’t be necessary since the o�set will be small enough compared to the

size of the signal to be neglected. For the gyroscope, the orientation was

17
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of no importance, as long as there was no rotation. Even if a gyroscope

is calibrated perfectly, drifts can always occur. The longer you’re using

a gyroscope the worse it can get. During calibration it was important to

set the di�erent sensors to the correct settings. The accelerometer was

set to ’wide range’ and an e�ective range of +- 8g. The gyroscope was

set to an accuracy of 2000 dps and the magnetometer to 16 Ga. Since we

were going to use the Shimmers for one speci�c set of ranges, we only

had to calibrate them for these settings. The choice to select the highest

option for every sensor is something that was done because we had the

possibility to do so. Lower settings might have been su�cient and battery

life could have been prolonged.

4.2 configuration

Con�guration was done with the ConsensysPro v1.0 (Basic edition). This

program allowed for an easy installation of the desired �rmware (Log and

Stream) and the �nal con�guration of the shimmers. During the con�gu-

ration the sampling rate had to be set, as well as the preferred operating

range. One had to specify when the shimmers would start to collect data

(once the shimmer got undocked or once the button was pressed). Lastly

a name could be chosen under which the data�les would be saved. It is

important to notice that the software and the �rmware should both be

up-to-date in order to avoid a lot of hassle. Wrong combinations of both

can lead to an incorrect set-up of the Shimmers, causing the wrong em-

bedded sensors to be activated.

The insole system required speci�c software in order to be able to start

them and store the collected data. Two keys were needed (which also

allowed the extended Bluetooth connection) to start the software. The

insoles were con�gured to stream data and store it on the SD-card at the

same time. This was necessary since the possibility of losing connection

(bluetooth) while data was collected was rather high due to the longer

track the subjects would have to walk along and the almost certainty that

there wouldn’t be a clear path between the computer and the subjects.

4.3 collected data

Spread over di�erent days data was collected from 10 di�erent partici-

pants (3 female, 7 male) (age range: 19-29). However, due to a malfunc-

tion of the insole system, possibly caused by a complete loss of Bluetooth

connection, ground truth information was lost for two of these. More in-

formation about the sensors used and their position can be found in the

appendix, where the protocol is given and the position of the sensors can

be seen in Figure 57, Figure 58 and Figure 59. Afterwards, while transfer-

ring the data from the shimmers to the computer, another bug was found:

The timestamp in one of the shimmers was corrupted. Each participant

signed an informed consent form and had permission to stop at any time

during the experiment.
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4.4 synchronizing insoles with shimmers

Having all of the algorithms implemented and ready to detect gait events

is one thing, but verifying that the returned results are actually gait events

and evaluating the accuracy of them is something else. As mentioned be-

fore, some kind of system that o�ers the ground truth is needed. The

option available for me was to use a set of pressure sensitive insoles

(Pedar X). These insoles are able to detect and register the downward

forces applied to them and the software translates this to heelstrike times,

stance times, swing times... The second pilot showed us that these in-

soles worked and were able to identify the gait events. However, the fact

that these events were not as accurately timestamped as the signals regis-

tered by the shimmers went unnoticed. Closer examination showed that

the timestamps given by both systems were not matching. The start of

each measurement was given by a simple hh:mm:ss value and the ac-

curacy was limited to a hundred of a second. The only option left was

to synchronize both systems manually, since synchronization was only

possible with extra hardware attached to connect the shimmers and the

insoles during the data collection, and impossible to do after the data was

already collected.

Manual synchronization Nevertheless the data collected is still valu-

able, but an accurate manual synchronization needs to happen. One could

argue that this takes away some of the value of this thesis, because some

assumptions have to be made, but if all factors are taken into account this

should be negligible. Even more, if the timestamps would have been syn-

chronized from the start, there would have been some assumptions too.

For example, which amount of pressure is needed to register a heelstrike?

A certain threshold is needed to avoid falsely detecting heelstrikes.

The �rst problem in this synchronization issue, is which sensor to

choose to synchronize with. Since all shimmers are already synchronized,

synchronization is only needed with one of them to achieve full syn-

chronization. In [34] it was shown that there was on average a 147 ms

(±91ms standard deviation) delay in heel contact as measured from the

footswitch and the negative-positive change in AP acceleration detected

at the lower trunk. This value however didn’t seem precise enough to

base the synchronization on, since analysis of the mean di�erence in tim-

ing of rise in footswitch voltage and negative-positive change in the ac-

celerometer output between subjects revealed that there is large varia-

tion in this mean di�erence between subjects (p < 0.001). Therefore, an

obvious choice would be to pick a shimmer that is located as nearby as

possible to the insoles. In this case the shimmers positioned at the ankles

would have to do. However, no average delay on this kind of data could

be found. A �rst option to synchronize the data is as follows. There is

the possibility to choose between one of the two signals, angular veloc-

ity or acceleration, and look at the literature to �nd out which points are

considered to be the heelstrikes and toe-o�s. For example ?? gives us the

approximate points in case of a sensor located on the shank. Since the

signal on the shank and the ankle are similar, a similar result can be ex-
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pected. A second option is to use the moment at the start of each trial

where the participants were asked to jump. It is known that an object in

free fall, falls down with an acceleration of + − 9.81m/s2. Looking at

the acceleration signal measured along the vertical axis, it can safely be

assumed that the last part of the signal where the acceleration drops to +-

0 will match the point where there is a sudden increase in normal forces.

For this solution the raw insole data needs to be used, because this jump

doesn’t get detected as a step by the Pedar-software.

For example, in Figure 10 the sum of raw forces (N) of both feet is

combined. The di�erent walking parts can easily be seen. A value close

to zero means there is almost no pressure on the feet, thus the person

has both feet in the air. The moment both feet hit the ground a sudden

increase is noticed. A close-up (Figure 11) might make it easier to under-

stand the situation. This close up makes it also clear that picking an exact

point will always remain a bit of a guess.

Figure 10: Sum of the normal forces [N] detected by the insoles.

Figure 11: Close-up of the sum of the forces detected by the insoles
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By taking a look at the acceleration signal captured during this event

(the sensor at the ankle was positioned with the y-axis pointing down-

wards), this exact moment can be found by looking for a period of time

where the subject is in freefall and by picking the last timestamp be-

fore the acceleration changes again (Figure 12) or the �rst one after the

change.

Figure 12: Acceleration signal shows a peak at the moment the person hits the

�oor

For the purpose of this thesis the last option was used to synchronize

the data, because it made any assumptions about the thresholds used in

the pedar-software to select the gait events super�uous.

At this point the plan was to look for the �rst jump every person did

and synchronize all the data based on that jump. However observing the

data revealed an extra problem. To convert the gait events detected by the

insoles at 100Hz to the events detected by the shimmers (128Hz), multi-

plying the sample times 1.28 was expected to su�ce. One of those sam-

pling rates turned out to be slightly di�erent, as can be seen in Figure 13

(beginning of trial) and Figure 14 (end of the trial). At the start of the

trial the heelstrikes detected by the insoles, an accelerometer algorithm

[47] and a gyroscope algorithm [35] seem to be aligned pretty closely,

as expected. However at the end of the trial, during the repetition of the

PWS-part, the events as given by the algorithms are still in line with the

negative peak of the gyroscope signal, but the events detected by the in-

soles aren’t.

Two steps were taken to minimize the e�ect of this. Firstly, a guess

needed to be made of what the actual ratio of both sample rates was.

Empirical study led to a value of 1.27973 (instead of 1.28). Using this value

instead of the original one was acceptable since it is known, more or

less, at which point of the gyroscope signal the IC happens during PWS,
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Figure 13: Close up of the detected events at the beginning of the trial. The an-

gular velocity is given in dps.

Figure 14: Close up of the detected events at the end of the trial. The angular

velocity is given in dps.

so at the end of the trial this should still be true. Using this value more

acceptable results were gotten. However, to further minimize this hitch,

the insoles and the shimmers were synchronized with every jump taken

before every main part of the trial, a total of 3 times per person.
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A L G O R I T H M S

introduction Before going deeper into the algorithms used some

things should be made clear. First of all, most algorithms that have been

developed are extremely dependent on the location of the sensor. As

shown before, the acceleration signal on, for example, the chest doesn’t

look anything like the one on measured at the ankle, as they di�er in

amplitude, frequency and the overall look. A lot of algorithms search for

peaks in the given signal since these are often the result of a gait event. A

peak on the signal detected at the chest and detected at the ankle might

be the result of the same gait event, they probably won’t happen at the

same point in time because of the di�erent distance between the sensors

and the foot sole. Secondly, a lot of algorithms depend on a threshold or

di�erent parameters. For a certain dataset these parameters might be set

perfectly, but new data might require di�erent values.

In [34] and [24] examples are found how to match a certain point of a gait

cycle to a certain gait event. In [34] changes in anterior-posterior horizon-

tal acceleration during walking from a sensor attached at the sacrum are

compared to the output from a footswitch-system.In the second one a

footswitch signal is aligned with the angular rate signal at right shank

and right thigh.

Based on this information one knows which point of the signal matches

a gait event. This knowledge is used to develop an algorithm.

All of the above means that an algorithm designed for a certain location,

should be used for that location only. Applying them to data collected

at other locations might return results, however these results could have

an o�set to them or might not match the actual gait events at all. It also

means that even though an algorithm might return very accurate results

for a certain dataset, it might just be less accurate for an other depending

on how well the parameters are adjusted. However, work is already done

to design algorithms that are position-independent [30].

Though, it must be noted that it is di�cult to make objective comparisons

between various algorithms as they were developed using other datasets

and protocols with di�erent sensor positions, sampling frequencies and

accelerometer speci�cations among others which may a�ect their perfor-

mance scores [29].

A couple of di�erent algorithms were used to extra gait events from the

sensor data. A short description of all of them is given. Some are designed

for accelerometer data, others speci�cally for gyroscope data. The gyro-

scopes algorithm are examined more in detail by executing it on the data

from the Shimmer placed on the left shank and give a short overview

of the accelerometer algorithms. The implementation of the gryoscope

algorithms was done in MatlabR2016b, tested with the data collected dur-

ing the pilot. The code for the accelerometer-based algorithms was pro-

vided by Siddharta Khandelwal. As stated earlier, when implementing

23
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the gyroscope-based algorithms, no insole data was available at that time,

therefore there was no ground truth information to check the correctness

of the aforementioned algorithms. It’s also important to notice that hy-

brid algorithms, using both gyroscope and accelerometer already exist,

but because the point of this thesis is to compare and di�erentiate both

accelerometer and gyroscope it didn’t make sense to include these hybrid

algorithms in the comparison. In Table 2 an overview of all algorithms

used in this thesis is given.

Type Name Abbreviation Location Axis

GYROSCOPE Fraccaro FRAC Shank

Catalfamo CAT Shank Medio-Lateral

Jung JUNG Shank

Maqbool MAQ Shank

Gouwanda GO Shank

ACCELEROMETER Khandelwal SK Ankles 3 axes

Torrealba TA Ankle (+ knee) Sagittal and vertical

Selles SELL Shank (under knee) Sagittal

Mans�eld MAN Sacrum Sagittal

Table 2: Overview of algorithms used

5.1 algorithms implemented

5.1.1 Gyroscope algorithm 1: FRAC [14]

The basic concept of detecting the gait events for gyroscope-based al-

gorithms is that the medio-lateral axis angular velocity from a shank-

attached gyroscope signal has a distinct pattern (two minima = nega-

tive peaks) on either side of a maximum (a positive peak) during swing

phase. The positive peak is associated with the mid-swing (MS) and the

left and right side negative peaks are associated with the TO and the IC,

respectively.[32]

The algorithm of Fraccaro [14] consists of two parts, the �rst one iden-

ti�es periods (or frames) of inertial sensor data where a gait event has

likely occurred. This will be called part A. Subsequently, for each frame

of data, a second algorithm is applied which extracts multiple gait fea-

tures, called part B. The identi�cation of the gait events is done by identi-

fying a recurrent signal peak corresponding to the MS (MidSwing) point

occurring over multiple gait cycles. Below, the steps of the algorithm are

described in detail:

step a.i - LP Filter: The signals are low pass �ltered with a zero-phase

5th order Butterworth �lter with a 3Hz cut o� frequency. A zero-phase

�lter is used in order to prevent a constant delay that often accompanies

�ltering. It is necessary to emphasize that although the signals were �l-

tered with an e�ectively zero-phase-shift �lter, there might be di�erences

in detection due to the magnitude change of the signal caused by �ltering.
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In [38] this e�ect is analyzed. If an algorithm based on peak-detection is

used, this might return arti�cial results.

The normalized cut-o� frequency can be calculated as follows:

(2 ∗ Fc)/Fs = (2 ∗ 3)/128 = 0.046875

In the above equation Fc is the cut o� frequency, Fs the sample fre-

quency. This �ltering results in a way smoother signal that still o�ers

enough information to extract all the gait features (Figure 15).

Figure 15: Filtered data versus original

Researchers have used a variety of cut o� frequencies for shank angu-

lar velocity measured from a gyroscope. Tong and Granat [27], for exam-

ple, used a low pass �lter with frequency cut o� of 4 Hz, while Mayagoitia

et al. [39] used a cut o� frequency of 3 Hz, and Nene et al. [3] used 5 Hz,

although none of these researchers used the signal for event detection.

When studying the spectrum of the signal, Ghoussayni [43], found a sig-

ni�cant component at around 0.8 Hz and less signi�cant harmonics up

to 12 Hz, but did not use a �lter in the �nal set up when detecting events.

Henty [19] used a cut o� frequency of 31 Hz when using the angular ve-

locity of the foot for gait event detection. The selection of the �lter cut

o� frequency does require a compromise. A lower cut o� frequency will

provide a reduction in oscillations that will improve automatic detection;

however, a higher cut o� frequency will result in less distortion due to

�ltering. [38]

step a.ii - Calculate the adaptive threshold: An adaptive threshold is

used to identify the MS point candidates in the left and right gyroscope

signals. Firstly peaks are found using the derivative of the signal. The

adaptive threshold is de�ned as an average of heights, in degrees/sec, of
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the top ten peaks and scaled by 0.2. A minimum value of 40 degrees/sec is

taken. The threshold being adaptive means that the algorithm will tend

to produce a more appropriate value for di�erent kinds of data.

step a.iii - Group MS peaks to identify gait event: All peaks above

the adaptive threshold are found. Gait events are grouped together as

one event as long as two MS peak points are not more than 4 seconds

apart. Additionally, each gait event must last a minimum of 15 seconds.

This duration has been chosen to ensure that only events where steady

state walking occurs are examined. Because of this selection of groups it

is possible to analyze all the data collected at di�erent speeds all at once

and all the small periods of unwanted movement are ’�ltered’ out.

step a.iv - Ensure left and right occurrence of gait events: Identi�ed

gait events are compared between both signals and MS peaks must occur

consecutively. This step is optional and can be used as an extra control

mechanism.

At this point the �rst part of the feature extraction is done. In the �rst

steps of this algorithm the assumption was made that the mid swing

point is equal to the point of highest acceleration. Because this point is

measured every stride, it is known that the total amount of steps will be

twice as high as these MS points.

Looking back at the �ltered signal, some other maxima and minima in

between those MS-points can be seen. These will be (from left to right)

the Initial-Contact (IC) point (initial contact of the foot with the �oor, also

known as heelstrike), Full-Contact (FC) point (full contact of all the sur-

face of the foot and the �oor, also known as mid-stance) and the Terminal-

Contact (TO) point (terminal contact of the foot with the �oor before the

next step, also known as Toe-o�). With this extra information it is pos-

sible to compute stance time. The rest of the algorithm basically comes

down to identifying these local minima and maximum between consecu-

tive MS points and repeating this for all MS points. A di�erent adaptive

threshold is used and the data gets �ltered in a slightly di�erent way. For

completeness, the rest of the algorithm is described below.

step b.i - LP Filter: A 5th order Butterworth low-pass �lter with cut-

o� frequency 5Hz is applied to the gyroscope data to remove noise com-

ponents.

step b.ii - Calculating the adaptive threshold: The adaptive threshold

is de�ned as per Greene et al [? ] and is calculated as:

th = 0.8
1

N

N∑
i=1

(ωMLi > ωML)

WhereωMLis the mean of the medio-lateral (ML) angular velocity signal

and N is the number of samples occurring above the mean.
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step b.iii - Identifying the MS points: MS points are de�ned to occur

above the threshold and the peak of the signal above the threshold are

identi�ed as candidate MS points. Candidate points occurring after 0.5

seconds are excluded.

step b.iv - Frame the signal between consecutive MS points: The 5Hz

�ltered signal is framed between 2 MS candidates and the highest peak

in the frame is selected as FC candidate.

step b.v - Identify IC and TO points: The minima occurring between

the �rst MS point and the FC point is identi�ed as the IC point and the

minima occurring between the FC point and the second MS point is iden-

ti�ed as the TO point. This process is repeated for each frame. For each

point, a window of data occurring on the 20Hz signal 0.1 seconds either

side of the point is extracted and each point is updated to occur at the

local minimum within this window.

step b.vi - Artefact rejection: If any artefacts, identi�ed using the

following list, were found, that data was removed from the calculation of

gait cycle parameters.

• If the di�erence between IC and TO points is greater than 2 sec-

onds.

• If the TO point is before the IC point.

• If the TO point is before the FC point.

• If the di�erence between two MS points is greater than 1.75 times

the mean di�erence within that frame.

step b.vii - Calculate gait parameters: A number of gait parameters

can be derived from the gait characteristic points including walking time,

number of steps, cadence, stride time, CV stride time, stride length, CV

stride length, stride velocity, and CV stride velocity. The result is shown

in Figure 16.

5.1.2 Gyroscope algorithm 2: CAT [38]

Once again, the algorithm is designed for gyroscopes attached to the

shank. The algorithm is rule-based and evaluates sequentially each sam-

ple, which facilitates the conversion into an on-line algorithm, if the ap-

plication requires it. However, the detection of TO requires the analysis

of 15 samples (depending on the sampling frequency) ahead of the sam-

ple being evaluated. Consequently, if the algorithm were to be directly

converted to an on-line process, the TO detection would have a delay of

approximately 120 ms. If this delay was unacceptable for a particular ap-

plication, further rules could be added (for example, the use of speci�c

parameters for each subject such as a threshold on the gyroscope signal

for TO detection).
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Figure 16: Gait characteristic points: Green: Midswing, Blue: IC, Red: FC, Yellow:

TO. The angular velocity is given in dps.

A digital �lter (second order Butterworth low pass �lter applied back-

wards and forwards, with a cut o� frequency of 35 Hz) was applied o�ine

to the collected angular velocity signal. However, when both the original

and the �ltered signal are plotted, the di�erence seems to be minimal.

One could question the purpose of the �lter. It is necessary to emphasize

that the signals were �ltered with an e�ectively zero-phase-shift �lter, so

that the di�erences in detection are due to the magnitude change of the

signal caused by �ltering.

The �rst negative minimum after swing is de�ned again as IC. Around

the time of IC and brie�y afterwards, the gyroscope signal may present

further negative peaks related to events during the loading response. In

order to avoid false detection of TO during that time, a ’waiting time’ was

set during which no search for TO was carried out.In the original algo-

rithm the waiting time was set to be 50% of the duration of the positive

wave if this is the �rst step analyzed or 50% of the last stance phase. How-

ever, while executing the algorithm it seemed that the aforementioned

waiting time was too short and the algorithm detected TOs way too early,

therefore the �rst waiting time was set to a minimum of 60 samples. This

allows the TOs to be detected even at a faster walking speed.

Once this waiting time is over, every sample is evaluated as a possible

TO. In this case, TO is de�ned as the sample that represents a minimum

in a window of 195 ms (25 samples for the sampling frequency used in

this algorithm, in the original algorithm this turned out to be 200ms),

that is preceded by a decreasing (more negative velocity) trend in the

signal and followed by an increasing (more positive velocity) trend, or it

represents a minimum in the same window and it is followed by a rapid

change towards positive values (indicating the extension of the knee). In

practice the Once TO has been determined the algorithm starts again, by



5.1 algorithms implemented 29

looking for the following positive wave. A di�erent sampling frequency

than the one used in the original algorithm was used, so the parameters

were adjusted accordingly.

5.1.3 Gyroscope algorithm 3:JUNG [32]

A third algorithm, designed for data collected at the shanks, was imple-

mented. However this one didn’t use any thresholds or waiting times.

This algorithm o�ers quasi real-time gait event detection proposed, any

temporal gait parameters requiring the TO and IC timings can be ob-

tained online and analyzed during the measurement process. This e�ec-

tively eliminates the need to store all measurement data for post-processing

and thus it becomes useful in the long-term monitoring of gait.

In the algorithm, the same basic concept (the medio-lateral axis angu-

lar velocity from a shank-attached gyroscope signal has a distinct pattern)

as in the previous ones is used to detect the gait events. A positive peak

is associated with the mid-swing (MS) and the left and right side nega-

tive peaks are associated with the TO and the IC, respectively [24]. The

previous algorithms started with the detection of the MS, so if an event

happened before the �rst MS this would go undetected. This algorithm

also starts from the detection of the MS because it is the prerequisite to

detect the corresponding TO and IC, but once the MS event is detected

the TO can be detected at the same time since the TO event has already

happened. Hence, this explains why this proposed algorithm is described

as ’quasi real-time’. The IC is the last event to be detected in a gait event

cycle. When an MS point is found a �ag is set so the algorithm is waiting

only for the IC event to occur next, but not the TO event. The algorithm

works as follows:

i First, the algorithm uses a second-order Butterworth low-pass �lter

twice for the un�ltered raw signal (xunf). Hereafter, the subscripts f1

and f2 represent the low-pass �ltered data with cuto� frequency 3 and 10

Hz, respectively (e.g., xf1 and xf2). Second, a numerical di�erentiation is

performed in order to obtain angular acceleration (af1).

ii After these two pre-processes, the algorithm can be divided into

the MS, TO, and IC detection parts. In each of the three detection parts,

the algorithm detects the events, �rst, from the 3 Hz low-pass �ltered

signal, second, from the 10 Hz low-pass �ltered signal, and then, �nally,

from the un�ltered raw signal. This scheme allows the algorithm to avoid

erroneous detection caused by signal noises and gradually approaches

the exact event points.

The detection of the MSf1 plays an important role because, without

this, the remaining detections cannot start. Note that, prior to theMSf1,

the corresponding TOf1 has already occurred, which is followed by a

peak angular acceleration- the peak angular acceleration is always lo-

cated between the TOf1 and MSf1 (see Figure 17 where the peak an-

gular acceleration is indicated by a vertical line). Therefore, the peak ac-

celeration can be used as a pre-indicator that the MSf1 is coming next.
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Figure 17: Indication of the peak angular acceleration during PWS at the left

shank. The angular velocity is given in dps.

For this, �rst, the proposed algorithm detects TOf1 candidates that are

negative local minimum points during MSfound = OFF. Second, the

algorithm awaits the peak angular acceleration, which is a positive local

maximum on the angular acceleration curve during MSfound = OFF.

Finally, the MSf1, which is the positive local maximum on angular ve-

locity, is ready to be detected. The uniqueness of this algorithm is that

the phase division by the �ag MSfound in combination with the use of

peak angular acceleration can accurately distinguish the MS points from

any other positive maxima. This allows the proposed algorithm to detect

MSf1 in real-time and, accordingly, realizes the quasi real-time detection

that sets apart from the algorithm presented in [24]. Once the MSf1 is

detected,MSf2 andMSunf can be sequentially obtained at a �xed point

of time as follows: MSf2 = the local maximum of xf1 signal inside the

interval [MSf1 -Df1,MSf1] andMSunf = the local maximum of xunf
signal inside the interval [MSf2 - Df2, MSf2], where Df1 and Df2 are

empirically selected time delay estimations, in this case both variables

were set to a value of 32 samples, which equals 0,25s. The basic concept

behind the above searching intervals is that MSf2 and MSunf are al-

ways located in front of MSf1 and MSf2, respectively, due to the time

lag e�ect of the low-pass �lters.

The detection of the TO points are performed directly after the detec-

tion of the MS points because the TO points are located in front of the MS

points. First, TOf1 is obtained by searching backwards for a local mini-

mum on xf1 starting fromMSf1. Next, TOf2 (which is located in the left

side of TOf1) can be obtained by searching backwards for a local mini-

mum on xf2 within [TOf1 - Df1, TOf1]. Last, TOunf can be obtained

in a similar way on xunf within [TOf2 -Df2, TOf2]. After the detection

of MS and TO points, theMSfound is reset to ON.

Detection of the IC points can happen now, since the �rst local mini-

mum point after the MSf1 can be considered as an ICf1, it is detected

by searching forward on xf1 in time progress, starting fromMSf1. Next,
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ICf2 can also be found by the forward searching. However, this search

should start fromMSf2 instead of ICf1, because the ICf2 is located left

side of the ICf1. A reasonable ICf2 would be located within [ICf1 -Df1,

ICf1]. Similarly, ICunf can be detected within [ICf2 - Df2, ICf2]. Once

ICunf is detected, which means that all detections in one set of gait

events are completed, the algorithm starts looking for the next MSf1
and theMSfound is reset to OFF. [32]

5.1.4 Gyroscope algorithm 4: MAQ [35]

One single gyroscope attached to the shank was used. In the study done

by Maqbool, the data latency for this algorithm, with a small number of

exceptions, lies within a range of ±50ms. [35]

The raw data was �ltered using a 2nd order Butterworth low pass �l-

ter. Two main aspects were taken into account while selecting �lter cut-

o� frequency (fc): �rstly, it must be low enough to attenuate the noise

of the signal (that contains high-frequency oscillations such as impact

spikes during IC) and thus reduce erroneous detection of the events and

secondly, it must be higher than the principal frequency of the human

gait. The threshold values and rules were determined empirically based

on preliminary data. Once the signal is �ltered, the algorithm computes

the di�erence (Dn) between two consecutive samples (ωn and ωn−1).

Initially, the algorithm searches for positive peak MSW meeting the fol-

lowing two conditions:

1. the slope must be positive

2. the angular velocity must be greater than a threshold value of 100

degree/sec

Once the MSW is identi�ed, the algorithm searches for the �rst negative

minima for IC associated with a negative slope. During the detection of

IC, it might be possible to have more than one negative peak closer to

each other due to jitter in the gyroscope signal. To avoid such a situation

a further condition was set that if in a window of 80 ms, there is any max-

ima closer to the already detected minima with a magnitude di�erence

of 6 10 degree/sec, search for the next immediate minima and mark it.

Otherwise select the previous minima as IC. Finally, the algorithm will

search for TO after a 406 ms time-counter to avoid any false detection

of TO (the original algorithm used a 300ms counter, but for the collected

data this resulted in a couple of false TOs). Once the counter �nishes and

the magnitude of the angular velocity is less than a threshold value of -20

degree/sec, the algorithm searches the local minima and marks it as TO.

[35]

5.1.5 Gyroscope algorithm 5: GO [16]

Similar to all the previous algorithms, this algorithm is developed to be

used on shank-mounted gyroscopes. A combination of heuristics and
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zero crossing method to minimize latency in gait event detection were

used. The algorithm uses zero crossing method to identify potential points

(Pp) that may qualify as MS, IC, and TO. It then evaluates Pp using heuris-

tics derived from the characteristics ofωshank during walking, to deter-

mine MS, IC, and TO. This approach minimizes computational resources

for local search, resulting in a lower latency. However no �ltering was ap-

plied in the original algorithm so all small peaks were detected although

they don’t have any signi�cant meaning. However, each wireless gyro-

scope used had an onboard microprocessor performing fundamental data

�ltering therefore minimal jitter was expected in the data, which is not

the case in the data that was collected for this thesis. Therefore the data

was �ltered (2nd order Butterworth, cut-o� frequency of 10 Hz) before

the actual execution of the algorithm. This seemed to be necessary as the

original algorithm failed to detect a substantial part of all gait events and

often misplaced the IC-points (see Figure 18). This algorithm assumes

that a gait cycle starts with MS, followed by IC and TO.

Figure 18: Results of the original implementation of Gouwanda’s algorithm. The

angular velocity is given in dps.

Calculation of �rst derivative of the measurements, αshank(t) is used

to monitor zero crossing. The zero crossing is of interest because this

point could correspond to a potential MS, IC, or TO. Therefore, when a

zero crossing (a change in sign) is detected, the correspondingωshank(t)will

be stored as Pp.

Pp is a 2xm array where m represents the number of zero crossings

(potential gait events). The �rst row contains the time, t, and the second

row contains the value ofωshank at that particular instance.

Pp is then evaluated to determine corresponding gait events using a

set of heuristics. In order for a Pp to be identi�ed as MS, Pp needs to

be greater than a preset threshold value, MSthreshold of 0.5 rad/s or

28.65◦/s and ∆t between current Pp and previous MS must be greater

than 350 ms. These parameters are reasonable considering that backward
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swing of the shank would be greater than preset threshold and one gait

cycle generally lasts for a duration greater than 1 s. Once MS is detected

the algorithm can progress to identify IC. For IC, the current Pp has to be

less than zero and the previous Pp has to be greater than MSthreshold
(in most cases, the previous Pp is MS).

For TO, Pp has to be less than zero while zero crossing in ωshank is

detected, and ∆t between the previous Pp and IC must be greater than

100 ms. This last value seemed to cause the biggest problem when using

un�ltered signals. When the above conditions are ful�lled, the algorithm

performs a backward search on previous Pp to identify local minimum,

which corresponds to TO. [32]

5.1.6 Accelerometer algorithm 1: SK[28]

In the previous algorithms the fact that only one input signal, namely the

angular velocity around the lateral axis was used, was tacitly accepted.

This implied that the position of the sensors was known and the assump-

tion was made that this position didn’t really change during the experi-

ment. However in this algorithm the assumption is made that it is quite

likely that the original sensor orientation may be disturbed during long-

term analysis. Hence, to avoid misalignment issues, the magnitude of the

resultant accelerometer signal is used for the algorithm.

step i - Pre-Processing: Accr is computed as

Accr =
√
Acc2x +Acc

2
y +Acc

2
z

where Accx,Accy,Accz are the signals obtained from each individual

axis of the 3-axes accelerometer, respectively[28]. However, this algo-

rithm doesn’t �lter out the useful information on it’s own, one should

already give the correct input data that only contains the appropriate

gait data.

Subsequently, to exemplify the time-frequency relationship between

gait event and gait cycle, continuous wavelet transform (CWT) is used.

It produces a time-frequency decomposition where both, short-duration

high frequency and long-duration low frequency information can be cap-

tured simultaneously [29]. In order to do this an appropriate wavelet is

selected, namely the Morlet wavelet.

step ii - Tracking the Gait Speed Changes: A tracking procedure is de-

�ned after realizing that the frequency of the events (IC and TO) is twice

that of the cycle. First of all an a priori estimate of the energy density

spectrum, E−s is formulated. Then a running window along the temporal

axis of the CWT coe�cients is taken, followed by an actual computation

of the energy density spectrum Es,r. When that is done, E−s,r gets cross-

correlated withEs,r to measure the scale delay τr, that re�ects the change

in speed.

step iii - Locating and Identifying the Gait Event: The 2-D spectral-

temporal event regions Ri(n, s) get located using xen & seλ,n. The algo-
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rithms end with �tting the 2-D Gaussian distribution over Ri(n, s). Every

Gaussian peak resembles one gait event. Those gait events can be labeled

as IC or TO by computing gait cycles using xen.

5.1.7 Accelerometer algorithm 2:TA [47]

This algorithm is described as a statistics-based gait event detector al-

gorithm (SGEDA). The SGEDA works with the ’x’ and ’y’ acceleration

signals captured at the ankle and the ’x’ acceleration signal captured at

the knee, where the x-axis lies along the sagittal plane and the y-axis

points upwards when the subject is in a standing position. First, the sig-

nal conditioning block (SCB) �lters out high frequency electrical noise.

The SCB outputs enter into the threshold level setting block (TLSB) and

into the peak and valley isolation block (PVIB). The TLSB computes the

threshold levels based on recent signal statistics; then, the PVIB applies

such thresholds in order to isolate the peak and valley candidates, from

which gait events are detected. Finally, the local minima (on valleys) or

maxima (on peaks) of the signals are identi�ed as the points with near-

zero derivative, which become the events detected. The keynote of the

SGEDA is the TLSB applied to the accelerometer signals; this is based on

the Kaplan-Meier cumulative distribution function (CDF) as implemented

by MATLAB. The CDF is normally very steep for all the signals, indicat-

ing that most of the data is close to the distribution mean. The values

located far from the mean correspond to CDF values near 0 or 1, which

refer to valleys and peaks, respectively. The CDF of a signal represents

the probability that a random variable X is lower than or equal to a value

A (set by a percentile) in the sample space. Then, by setting convenient

�xed percentiles, it is possible to adjust the level of the thresholds to iso-

late the peak and valley zones automatically.

5.1.8 Accelerometer algorithm 3:SELL [41]

In this case a single accelerometer was placed close to the knee on the

shank. This algorithm is called an automated detection algorithm. For

all signals, �rst, the longitudinal acceleration signal gets �ltered with a

second-order low-pass zero-phase-lag Butterworth �lter with a cuto� fre-

quency of 0.75 Hz. This signal generally had one ’local minimum’ per gait

cycle. The time between two consecutive minimum values was used to

roughly estimate stride duration. To obtain optimal detection of IC and

TO at di�erent walking speeds, separate calculations were performed on

the faster and slower strides. Therefore, based on the approximate stride

duration, strides were divided into faster strides (de�ned as strides with

an approximate stride duration of less then 1.5 s) and slower strides (ap-

proximate stride duration of 1.5 s or more). For the faster strides, the raw

signal was �ltered again with a second order low pass zero-phase-lag But-

terworth �lter with a cuto� frequency (f) as a function of the approximate

cycle duration (TS,approx) using the following equation:

f = 2.5− 0.4 ∗ TS,approx
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It can be seen from the equation that the cuto� decreases with increas-

ing approximate stride duration. The resultant signal generally has two

peaks within each approximate stride. The �rst peak roughly corresponds

with IC, the last peak with TO. Finally, IC was estimated as the time of

the maximum in the raw signal occurring maximally 0.04 seconds before

the approximate IC. TO was estimated as the time of the minimum in

the raw signal occurring maximally 0.16 s after the approximate TO. For

the slower strides, the raw signal was �ltered twice to obtain the ’ap-

proximate IC’ and ’approximate TO’. To obtain the approximate IC, the

signal was �ltered with a second order low pass zero-phase-lag Butter-

worth �lter with a cuto� frequency (f) as function of the approximate

cycle duration (TS,approx) using the following equation:

f = 1.1+ 0.4 ∗ TS,approx

In the resultant signal, within each approximate cycle, the �rst peak roughly

corresponds with IC. A �nal estimate of IC was obtained as the time of

the maximum in the raw along signal occurring maximally 0.64 s be-

fore the approximate IC. To obtain the approximate TO, the signal was

�ltered with a second order low pass zero-phase-lag Butterworth �lter

with a cuto� frequency (f) as a function of the approximate cycle dura-

tion (TS,approx) using the following equation:

f = 0.3+ 0.4 ∗ TS,approx

In this resultant signal, within each approximate cycle, the last peak roughly

corresponds with TO. A �nal estimate of TO was obtained as the time of

the absolute minimum in the raw aap occurring maximally 0.36 s after

the approximate TO.

5.1.9 Accelerometer algorithm 4: MAN [34]

Contrary to most algorithms this one doesn’t use sensors attached to the

limbs but one attached to the sacrum. For this algorithm the initial sig-

nal was sampled at 200Hz (or in one case at 500 Hz). The data needs to

be low-pass �ltered with a cut-o� frequency at 2 Hz and compensated

for the component of gravity measured during the trials by measuring

the average angle of tilt of the accelerometer during quiet stance at the

start of the trial. The timing of negative-positive changes in acceleration

values were calculated by reducing the acceleration signal to a series of

pulses. The times of heel contact as determined by the footswitch were

also calculated.

However, there were two negative-positive acceleration changes for ev-

ery stride, as each negative- positive change occurs synchronously with

foot contact of each foot. Therefore, the MATLAB routine deleted every

second value from the negative -positive timing vector produced. It did

this by detecting the �rst acceleration pulse immediately following heel

contact as detected by the footswitch. This was the �rst event of note

from the accelerometer, and all acceleration pulses recorded previous to

this were assumed to be due to postural sway or noise. The acceleration
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pulse immediately following this �rst event was deleted, and every sec-

ond subsequent acceleration pulse was deleted to give unilateral informa-

tion. Initially, the gait timing data was not synchronised exactly.

When applying the algorithm to a large set of data, one could notice

that over time, the gait events detected started to drift away from the

actual gait events detected by the insoles.



6
R E S U L T S

why comparing the detected gait events won’t give an

absolute answer to the main qestion Looking at the accu-

racy of the gait events detected by multiple algorithms by calculating the

ratio of the true positives to the summation of the true positives and false

negatives one could get the impression that they are comparing sensors;

the same might happen when you look at the absolute di�erence between

the point detected by the algorithm and the ground truth. However, they

are just comparing di�erent algorithms. The next couple of images, based

on the data gathered during the pilot, might clarify this.

Figure 19: Di�erence between TOs detected by both algorithms during PWS

For example in Figure 19 one can see that both algorithms tend to

give a slightly di�erent result for each TO. Comparing these points to

the ground truth might give us information about the quality of the algo-

rithm, but not of the accuracy of the sensor, because a di�erent algorithm

might give di�erent results.

Figure 20: Di�erence between TOs detected by both algorithms during PWS.

The vertical axis represents the amount of samples.

6.1 analysis of the results given by the algorithms

In this section the procedure done to evaluate the accuracy of the di�er-

ent algorithms is examined. Because the data from the shimmers attached

to the right shank was corrupted, it couldn’t be used in the analysis. For

the lower body this leaves us with the shimmer attached to the ankles

and the one attached to the left shank. Because the gyroscope-based al-

37
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gorithms (GBA) only work based on information gathered at the shank,

they can only be used to detect the gait events on the left side of the body.

All accelerometer-based algorithms (ABA), with exception of Mans�eld

algorithm [34] which uses accelerometer data from the lumbar region to

detect heelstrikes on both sides, return gait events from one side of the

body. Now the synchronization is done, each algorithm can be executed

on the appropriate data and extract the gait events. As an example all

algorithms that work on the right ankle are tested on the data collected

during PWS as seen in Figure 21.

In this picture the heelstrikes as detected by the insoles are marked

with an ’x’, those by the insoles are marked by an ’o’. Analysis starts by

comparing the heelstrikes detected by an algorithm to the ones detected

by the insoles. To do this a function was written that is given two inputs,

the gait events as detected by the insoles and the events as detected by the

algorithm. The insoles are considered to be the groundtruth, so the size

of that vector is equal to the amount of strides taken. The function will

run in a loop over every single gait event and will search for a matching

event detected by the algorithm. A match is only found when the events

di�er by less than 8 samples. If the unlikely case that 2 or more events

occurred within the same within that 16 sample window, the one that

occurred �rst would be selected. Another way of solving this issue could

be done by selecting e.g. one at random or by picking the median. Every

event given by the algorithm that turns out to be a match gets marked as

a True Positive (TP). All the others are False Positives (FP). Every event

detected by the insoles that doesn’t get a match allocated gets marked

as a False Negative (FN). The function returns a two-folded plot, the �rst

part indicating the relative di�erence in samples for every match. A FN

will be indicated by a peak with amplitude 100. The second part will show

which events detected by the algorithm turned out to be TP, which are

indicated by a value of 1, every FP equals 0.

Besides these values the function also returns some statistical mea-

sures such as the precision, recall and F1-score, calculated as shown be-

low:

F1 = 2
PrecisionxRecall

Precision+ Recall

Precision =
TP

TP+ FP

Recall =
TP

TP+ FN

These values o�er di�erent but similar information. It can be seen in

Figure 36 that these 3 types of values seem to be alike.

The Mean Absolute Error is computed as the mean of the absolute tem-

poral di�erence between the TPs of the algorithm and the corresponding

GT events. MAE is a good indication of temporal accuracy, however, as

is stated in [28], few true positives could lead to a low MAE value, indi-

cating high accuracy even though many false positives might be detected

by the method.

Soon after starting to analyze data from di�erent participants it became

clear that the synchronization with the insoles was an even bigger issue
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than initially thought. Looking at Figure 22, something odd can be seen:

all heelstrikes are detected before the insole (allegedly) detected them.

It seems improbable that every single algorithm would detect the event

too early. The possibility that imprecise synchronization was at the base

was more likely. Not only were they detected too early, a lot of them

seemed to fall outside of the 8 sample margin, returning a zero-values for

Precision and Recall. Because of this a second MAE-value (MAEr) was

calculated, but this time all points that were in a +-40 sample region of the

insole event were taken into account. This o�ered some extra information

about the distribution of the detected gait events. It should be mentioned

that the use of the ±8 sample region was based on the value used in

[28] but slightly enlarged because no bias was removed in this case and

that the use of the ±40 sample region might have been exaggerated as

this amounts to more than half of the gait cycle being accepted for a

certain event. A interesting idea would be to see how these performance

measures actually behave in function of the size of the sample region

used.

In what follows the results from the algorithms will be examined for

each type of walking (Preferred Walking Speed (PWS), Slow Walking

Speed (SWS), Fast Walking Speed (FWS)) in the di�erent sections in which

a distinction between Heelstrikes (IC) and ToeO�s (TO) will be made. All

results are analyzed on di�erent levels: Di�erent body positions (shank

versus ankle versus sacrum), di�erent side (left versus right), di�erent

gait event (Heelstrike versus ToeO�) and di�erent type of sensor (gy-

roscope versus accelerometer). The abbreviations in the following para-

graphs stand for the di�erent algorithms used: SK(R & L) [28], SELL [41],

MAN(R & L) [34], TA(R & L) [47], CAT [38], FR [14], GO [16], JUNG

[32] and MAQ [35]. R & L indicating right and left foot. For the algo-

rithms working with shank data nothing is mentioned because only the

left shank was used.
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Figure 21: Close up of the detected heelstrikes of the right foot during PWS. The

vertical axis represents the angular velocity in dps.

Figure 22: Heelstrikes detected by algorithms and insoles during PWS. The ver-

tical axis represents the angular velocity in dps.
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6.1.1 PWS results

The �rst type of data that gets examined are the ICs and TOs collected

during the �rst part of the datacollection in which every participant was

asked to walk his Preferred Walking Speed. The amount of ICs and TOs

detected can be found in Table 33 and Table 34 in the appendix.

Because the data of the right shank was corrupted each gyroscope al-

gorithm could only return the events detected on the left side. It can be

observed that most algorithms tend to detect an amount of ICs and TOs

that’s close to the number given by the insoles. However, in Table 3 and

Table 4, where the amount of events detected by the algorithms is sub-

tracted from the ground truth, it becomes clear that SELL seemed to have

some problems and wasn’t even able to accurately detect the amount of

strides, this promises nothing good for the actual accuracy of the detected

events. JUNG seemed to have failed once, but looking at the actual gyro-

scope data collected at the shank, the real surprise is that the other GBA

didn’t perform worse.

6.1.1.1 ICs

The actual accuracy of the events detected by the algorithms gets evalu-

ated by calculating the MAE between those events and the groundtruth.

In Figure 23 the average MAE values for every algorithm executed on the

IC PWS data from all participants is plotted. As mentioned before, this

data on its own shouldn’t be used as a decisive argument to use a certain

algorithm because it only takes those points into consideration that are

actually in the ±8 sample margin. Based on this data, one could assume

that algorithm 11 (JUNG) is the most accurate. That’s why, for example,

comparing it to the ’actual’ average error (calculated over all events) is

required. This can also be seen in Figure 23.

Once again, the lower this value the better. But more importantly, if

there is a value that’s a lot higher than its corresponding MAE value, the

assumption can be made that a big amount of points didn’t get taken

into consideration to calculate the MAE. All individual MAE- and MAEr-

values for the PWS-part can be found in the appendix (Table 27). Besides

this ’raw’ MAE there are some other statistical measurements (such as the

F1-score, precision and recall) that can o�er us the required additional in-

formation to correctly interpret the data. Table 28 contains these values

for the PWS part. Interpretation of these values is best done by calcu-

lating the averages for each algorithm (Figure 24). The amount of False

Negatives are given as an extra measurement in Table 29

accelerometer versus gyroscope Although visual inspection

makes it clear that SELL doesn’t perform well (highest MAEr, high amount

of wrongly detected events, lowest Recall/Precision/F1-score values) it be-

comes apparent that the ABA perform better than the GBA ones. With

an overall average precision of 0.5317, recall of 0.53091 and F1-score of

0.54529 it performs±50% better than the GBA (Overall average precision

of 0.3532, recall of 0.3499 and F1-score of 0.3515). As said before, the MAE

values don’t necessarily re�ect this. With an average MAE of 3.2892 the
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IC PWS P1 P2 P4 P6 P7 P8 P10 P11

# ICins − #IC Accel R SK( R) 1 3 -1 -1 1 0 1 -1

MANR 1 3 1 1 2 2 1 0

TA -5 3 -4 -1 6 0 -5 3

L SK(L) 1 1 -1 0 1 1 1 0

MANL 1 4 2 1 1 1 1 0

TA(L) -8 2 -4 -1 4 2 16 2

SELL 2 3 2 -29 2 0 1 -45

Gyro L CAT 1 2 1 -1 1 -5 0 2

FRAC 3 4 2 0 2 0 2 3

GO 2 2 1 -1 2 -1 1 3

JUNG 2 2 1 0 1 -132 1 -2

MAQ 2 2 1 0 0 -1 0 2

Table 3: Amount of ICs detected by the algorithms subtracted from the amount

of ICs detected by the insoles during PWS

TO PWS P1 P2 P4 P6 P7 P8 P10 P11

# TOins − #TO Accel R SK( R) 1 2 2 2 1 2 2 0

TA -2 2 1 1 6 0 4 1

L SK(L) 2 2 2 0 2 1 0 0

TA(L) -4 2 -15 8 15 3 8 -1

SELL 0 5 3 34 27 0 1 44

Gyro L CAT 1 1 2 0 1 -5 0 3

FRAC 2 2 0 0 2 0 1 3

GO 2 1 2 0 3 0 1 3

JUNG 1 1 1 0 1 -132 0 -2

MAQ 1 3 1 1 2 0 0 3

Table 4: Amount of TOs detected by the algorithms subtracted from the amount

of TOs detected by the insoles during PWS
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Figure 23: Average MAE- and MAEr-values of ICs during PWS. The vertical axis

represents the amount of samples.

Figure 24: Average F1-score, Precision & Recall of ICs during PWS.
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ABA performs worse than the GBA (2.6678). But MAEr-values contradict

this again (ABA: 9.0183, GBA: 11.9072).

left versus right When comparing the accuracy of the events de-

tected on the left side of the body with those detected on the right side

of the body, one has to notice the fact that the GBA are not applied to

the right shank, because the data was missing. For SK and TA a compar-

ison can be done because they were applied to both ankles. MAN can

be involved in the comparison as well because it returns the heelstrikes

from both sides of the body. In Figure 26 the corresponding F1, Precision

and Recall values are given. Looking at this chart it’s inevitable to see the

di�erence in the values for SK and TA. On the other hand, MAN seems

to stay more or less consistent. Assuming that gait in healthy subjects

should contain a certain degree of symmetry these results are unexpected.

However, a possible cause might be found again in the synchronization

process of the insoles and the shimmers. When the data was synchro-

nized, the starting point was the data collected at the right ankle. This

was chosen arbitrarily since the assumption was made that when a par-

ticipant jumped he/ she would land with his/ her two feet at the same time.

However, even taking this into consideration, the di�erence between left

and right is really big. In case of TA the values almost doubled when

comparing right to left. Looking at the MAE and MAEr values most of

the above gets con�rmed, but as shown in Figure 25 do the values of MAN

di�er slightly more, putting the right side even more in favor.

If all algorithms would be taken into account and the accuracy of all

events detected on the left side compared with those detected on the right

side, the conclusion would become even more one-sided, see Table 5.

shank versus ankles versus sacrum With 1 algorithm that

works with data from the sacrum, 2 algorithms that work with data from

the ankles and 6 that work with data gathered at the shank, it should be

emphasized that this comparison is far from ideal. However, comparing

them, it can be seen that the sacrum comes out on top (Figure 27).

6.1.1.2 TOs

Equal to the ICs, the actual accuracy of the events detected by the algo-

rithms gets evaluated by calculating the MAE between those events and

the groundtruth. In Figure 28 the average MAE values for every algorithm

executed on the TO PWS data from all participants is plotted. Once again

the ’raw’ MAE was calculated to give a completer view on the data. This

can be seen in the same chart. All individual MAE, MAEr, F1-score, Pre-

cision and Recall values for the TOs during the PWS-part can be found

in the appendix (Table 30 & Table 31 ).

To interpret these values the averages for each algorithm were calcu-

lated again (Figure 29). The amount of False Negatives is also given in

Table 32 in the appendix.
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LEFT RIGHT

SK,MAN & TA F1 0,4824 0,7629

Precision 0,4824 0,7309

Recall 0,4825 0,7293

All algorithms F1 0,3651 0,7629

Precision 0,3661 0,7309

Recall 0,3642 0,7293

Table 5: Comparison of the average F1, Precision and Recall-values for the

events detected at both sides of the body

Figure 25: Comparison of the events detected on the left and right side of the

body. The vertical axis represents the amount of samples.
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Figure 26: Comparison of the events detected on the left and right side of the

body

Figure 27: Comparison of the events detected by data gathered at the ankles,

sacrum and shanks
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Figure 28: Average MAE- and MAEr-values of TOs during PWS. The vertical

axis represents the amount of samples.

Figure 29: Average F1-score,Precision, Recall-values of ICs during PWS.



48 results

accelerometer versus gyroscope Where it was quite easy to

distinguish which one was better in case of the ICs, the TOs are a di�er-

ent story and drawing conclusions is not that easy. The fact that SELL is

again at the bottom of ranking is obvious, but visual inspection to eval-

uate the other algorithms is harder. The ABA (Overall average F1-score

of 0.2806, Precision of 0.2848 and Recall of 0.2768) still is on top, but the

GBA (Overall average F1-score of 0.2455, Precision of 0.245 and Recall

of 0.2474) are not far behind. Where the lead was over 50% in case of

the ICs, only a couple of percents are left for the TOs. Similar to the ICs,

with an average MAE of 2.1901 the ABA performs slightly worse than

the GBA (2.0684). But MAEr-values contradict this again (ABA: 15.0249,

GBA: 15.4118), although the di�erence is less noteworthy. Nevertheless

is the overall performance for the detection of TOs way lower than the

one for ICs.

left versus right Because MAN only detects heelstrikes, the di-

rect comparison of left and right gait events is limited to SK and TA. In

Figure 31 the corresponding F1, Precision and Recall values are given. In

Figure 30 the MAE and MAEr values. This time SK and TA seem to show

an opposite behaviour. While SK shows better results for the right side

again, TA seems to have switched to the left side. Looking at the F1-score

the results for TA on the left side are more than 50% higher than on the

right. But in case of SK the F1-score, Precision and Recall are more than 3

times higher on the right side. MAEr values con�rm these results again.

After averaging these out, the right side still has an advantage over the

left and taking all algorithms into account, the right side gets even more

preferable, see Table 5.

LEFT RIGHT

SK & TA F1 0,3051 0,39648125

Precision 0,3128 0,3990875

Recall 0,298 0,393925

All algorithms F1 0,229726563 0,39648125

Precision 0,231315625 0,3990875

Recall 0,229142188 0,393925

Table 6: Comparison of the average F1, Precision and Recall-values for the TOs

detected on separate sides of the body

shank versus ankles Comparing the gait events detected by the

algorithms grouped by the position of the sensor of the body, results in

Figure 32. This time only the left shank and the ankles were taken into ac-

count because the only algorithm that uses the data at the sacrum doesn’t

return the TOs. The ankle seems a clear winner in this case.

pws conclusion Positioning a sensor at the shank seems less fa-

vorable than at the ankle, but then again, because the limited diversity in
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Figure 30: Comparison of the TOs detected on the left and right side of the body.

The vertical axis represents the amount of samples.

Figure 31: Comparison of the TOs detected on the left and right side of the body

the algorithms used, ’shank’ basically means ’gyroscope’. And since the

results showed that the GBA were less accurate than the ABA this is a

logical conclusion. The same thing applies to the statement that the right

side would be better than the left, because ones again ’left’ means mostly

’gyroscope’. In the results it’s shown that even the ABA perform worse

on the left side, but still not as bad as the GBA. Since the GBA are the

majority on the left side it makes sense that they in�uence the averages

more.
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Figure 32: Comparison of the TOs detected by data gathered at the ankles,

sacrum and shanks
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6.1.2 SWS results

The second type of data that gets examined are the ICs and TOs collected

during the second part of the data collection in which every participant

was asked to walk a speed that he/she considered to be slow. The amount

of ICs and TOs detected can be found in Table 7 and Table 8.

Although most algorithms tend to detect an amount of ICs and TOs

again that’s close to the number given by the insoles (see also Table 41 and

Table 42 in the appendix), it is noticeable that there are more outliers than

during PWS. Compare Figure 33 and Figure 34 to see this. Based on this

information one can predict that the results for this dataset will be worse

than for the previous one. In the tables NC stands for Not Calculated as

it was impossible for the algorithm to run on the corresponding data.

6.1.2.1 ICs

As in the previous section the accuracy gets evaluated �rstly by calculat-

ing the MAE. In Figure 35 the average MAE values for every algorithm

executed on the IC SWS data from all participants is plotted. Of course

the MAEr is needed as well.

All individual MAE- and MAEr-values for the PWS-part can be found

in the appendix (Table 35). F1-score, precision and recall) were calculated

as well, Table 36 contains these values for the SWS part. All the averages

for each algorithm for these measurements are given in (Figure 36). The

amount of False Negatives are given again as an extra measurement in

Table 29

accelerometer versus gyroscope Looking at Figure 36, with

the knowledge that the �rst 5 algorithms are ABA it becomes apparent

that the ABA perform better than the GBA. Even if SK(R) and TA(R), who

exceed the others by far, are ignored the only GBA that can keep up is

FRAC, something that could already be noticed for PWS. With an overall

average precision of 0.483, recall of 0.4803 and F1-score of 0.4815 the ABA

perform almost ±60% better than the GBA (Overall average precision of

0.3044, recall of 0.3049 and F1-score of 0.3043). This time the MAE values

already re�ect this. With an average MAE of 4.0582 the ABA performs

better than the GBA (4.6873), which gets assisted by the MAEr-values

(ABA: 10.344, GBA: 13.247).

left versus right The situation is the same as in PWS, the GBA

are not applied to the right shank, because the data was missing. For SK,

TA and MAN a comparison is done. In Figure 37 the corresponding F1,

Precision and Recall values are given.

Not only is the situation the same, the results look really similar as

well. SK and TA show big di�erences in both sides, favoring the right side.

MAN seems to stay more or less consistent, with slightly better results

for the left side, but overall somewhere in between SK and TA perfor-

mance wise. Looking at the MAE and MAEr (Figure 38), the same trend

is followed, but the values of MAN di�er slightly more, putting the right

side even more in favor.



52 results

IC SWS P1 P2 P4 P6 P7 P8 P10 P11

# IC Accel R SK(R) NC 144 150 147 117 160 151 141

MAN(R) 169 144 148 148 115 160 152 140

TA(R) 209 142 148 148 114 159 145 140

L SK(L) 195 145 150 149 117 160 224 141

MAN(L) 169 144 149 147 116 159 151 141

TA(L) 165 150 147 148 120 159 145 142

SELL 169 144 149 160 117 161 151 249

Gyro L CAT 170 144 150 149 117 168 151 140

FRAC 168 143 149 148 115 160 151 139

GO 169 144 148 148 116 120 152 140

JUNG 235 144 150 148 117 241 153 140

MAQ 170 145 150 148 116 161 152 140

Insoles R 171 147 151 149 116 161 153 144

L 170 147 152 148 117 160 153 144

Table 7: Amount of ICs detected during SWS

TO SWS P1 P2 P4 P6 P7 P8 P10 P11

#TO Accel R SK(R) NC 143 150 145 116 159 151 139

TA(R) 175 141 229 141 104 161 153 140

L SK(L) 192 143 148 148 116 159 151 139

TA(L) 172 142 154 147 105 158 152 141

SELL 169 141 128 136 112 161 151 31

Gyro L CAT 169 143 149 148 116 167 151 140

FRAC 171 143 149 148 115 160 151 140

GO 169 143 148 147 115 120 152 140

JUNG 235 144 150 148 117 241 153 140

MAQ 169 144 149 147 116 160 150 140

Insoles R 170 146 151 150 117 161 152 145

L 170 146 152 148 117 160 152 143

Table 8: Amount of TOs detected during SWS
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Figure 33: Spread of the amount of TOs detected by the algorithms subtracted

from the amount of TOs detected by the insoles during PWS

Figure 34: Spread of the amount of TOs detected by the algorithms subtracted

from the amount of TOs detected by the insoles during SWS



54 results

Figure 35: Average MAE & MAEr between ICs detected by algorithms and in-

soles during SWS. The vertical axis represents the amount of samples.

Figure 36: Average F1-score, Precision & Recall of ICs during SWS.
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Figure 37: Comparison of the events detected on the left and right side of the

body

Figure 38: Comparison of the events detected on the left and right side of the

body. The vertical axis represents the amount of samples.
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The resemblance becomes even more complete by comparing all algo-

rithms and evaluating the accuracy of all events detected on the left side

with those detected on the right side. As in PWS, the conclusion would

become even more one-sided, see Table 9.

shank versus ankles versus sacrum Contrary to PWS, the al-

gorithms working with ankle-data perform best (Figure 39).

6.1.2.2 TOs

Equal to the ICs, the actual accuracy of the events detected by the algo-

rithms gets evaluated by calculating the MAE between those events and

the groundtruth. In Figure 40 the average MAE values for every algorithm

executed on the TO PWS data from all participants is plotted.

Once again the ’raw’ MAE were calculated as well to give a completer

view on the data. This can also be seen in Figure 40. It should be noted

that the zero MAE value here given for SELL should be interpreted as a

really high value.

All individual MAE, MAEr, F1-score, Precision and Recall values for

the TOs during the PWS-part can be found in the appendix (Table 38 &

Table 39 ).

To interpret these values the averages for each algorithm were calcu-

lated again (Figure 41). The amount of False Negatives is also given in

Table 40 in the appendix.

accelerometer versus gyroscope Visual inspection of the TOs

alone to draw conclusions is not that easy. Once again, SELL is at the bot-

tom of ranking, but there seem to be some surprises. It actually turns out

that the GBA perform better (Overall average F1-score of 0.2845, Preci-

sion of 0.2135 and Recall of 0.2178) than the ABA (Overall average F1-

score of 0.1643, Precision of 0.1913 and Recall of 0.1865). The MAE and

MAEr values seem to con�rm this. With an average MAE of 5.9742 the

ABA performs worse than the GBA (4.443) and the same applies to the

MAEr-values (ABA: 17.434, GBA: 16.1518). What does stay the same is

that the overall performance for the detection of TOs is lower than the

one for ICs, although this is way more noticeable for the ABA than for

the GBA compared to the PWS part.

left versus right Once again, because MAN only detects heel-

strikes, the direct comparison of left and right gait events is limited again

to SK and TA.

In Figure 42 the corresponding F1, Precision and Recall values are given.

In Figure 30 the MAE and MAEr values. As in the PWS part, SK and TA

seem to show an opposite behaviour. While SK shows better results for

the right side again, TA prefers the left side. Looking at the F1-score the

results for TA on the left side are almost 4 times higher than on the right.

This is way more than during PWS. In case of SK the F1-score, Precision

and Recall are more than 5 times higher on the right side. For TA a big

descend is noticed on the right side compared to PWS, while the perfor-

mance on the left side stayed almost equal. SK performed worse for both
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LEFT RIGHT

SK,MAN & TA F1 0,3726 0,7102

Precision 0,3722 0,7141

Recall 0,3734 0,7068

All algorithms F1 0,3068 0,7102

Precision 0,3068 0,7141

Recall 0,3073 0,7068

Table 9: Comparison of the average F1, Precision and Recall-values for the

events detected at both sides of the body during SWS

Figure 39: Comparison of the events detected by data gathered at the ankles,

shanks and sacrum
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Figure 40: Average MAE MAEr of the TOs detected by algorithms and insoles

during SWS. The vertical axis represents the amount of samples. The

zero-value should be interpreted as the worst value possible.

Figure 41: Average F1-score, Precision & Recall of TOs during SWS.
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sides. MAEr values con�rm these results again. If these are averaged out,

the left side gets the advantage over the right and taking all algorithms

into account, both are more or less in balance, see Table 10.

shank versus ankles Comparing the gait events detected by the

algorithms grouped by the position of the sensor of the body, results in

Figure 44. The comparison doesn’t reveal an immediate winner, but based

on Figure 45 the ankles are given a slight edge over the shank, at least

if it is appropriate to value the importance of a low MAEr higher than a

low MAE.

sws conclusion Looking at the ICs it looks like most of the conclu-

sions drawn for their PWS counterparts are also valid here. The biggest

di�erence is the fact that the ankles do better than the sacrum. For the

TOs the di�erence seems to be that GBA perform better than ABA, con-

�rmed by F1-score and MAE(r) values. This result is visible in the ’Left

vs Right’-comparison: because most GBA are applied to data on the left

side, the right side isn’t the clear winner any longer.
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Figure 42: Comparison of the TOs detected on the left and right side of the body

during SWS

Figure 43: Comparison of the MAE(r) of the TOs detected on the left and right

side of the body during SWS. The vertical axis represents the amount

of samples.
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LEFT RIGHT

SK & TA F1 0,2607 0,15

Precision 0,2666 0,2117

Recall 0,2587 0,2076

All algorithms F1 0,243 0,15

Precision 0,2001 0,2117

Recall 0,2008 0,2076

Table 10: Comparison of the average F1, Precision and Recall-values for the TOs

detected on separate sides of the body during SWS

Figure 44: Comparison of the TOs detected by data gathered at the ankles and

shank during SWS
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6.1.3 FWS results

The third type of data that gets examined are the ICs and TOs collected

during the third part of the datacollection in which every participant was

asked to walk a speed that he/she considered to be fast. The amount of ICs

and TOs detected can be found in Table 49 and Table 50 in the appendix.

Most algorithms tend to detect an amount of ICs and TOs again that’s

close to the number given by the insoles. Table 11, which shows the

amount of ICs detected by the algorithms subtracted from the amount

of ICs detected by the insoles, looks pretty normal apart from some out-

liers. However, Table 12 is a bit worse, and in particular SELL seems to

have done an awful job. Based on this one can predict results that are in

line with the previous sections. This time all algorithms were executed

without any problems again.

6.1.3.1 ICs

As in the previous section the accuracy gets evaluated �rstly by calcu-

lating the MAE and the MAEr. The average value for every algorithm is

given in Figure 46.

All individual MAE- and MAEr-values for the PWS-part can be found

in the appendix (Table 43). F1-score, precision and recall) were calculated

as well, Table 44 contains these values for the FWS part. All the averages

for each algorithm for these measurements are given in (Figure 47. The

amount of False Negatives are given again as an extra measurement in

Table 45

accelerometer versus gyroscope A quick look at the afore-

mentioned charts tells us that, aside from SELL, the ABA seem to do

fairly well compared to the GBA. Number-wise this gets con�rmed by

calculating the average for all ABA and for all GBA for each of the sta-

tistical measurements. With an overall average precision of 0.4966, recall

of 0.4928 and F1-score of 0.4946 the ABA comes close to performing al-

most twice as good as the GBA (Overall average precision of 0.2641, recall

of 0.2568 and F1-score of 0.2604). The MAE values already con�rm this.

With an average MAE of 3.1537 the ABA performs better than the GBA

(4.1456), which gets assisted by the MAEr-values (ABA: 11.5752, GBA:

13.55018).

left versus right Starting from the same basic comparison as in

previous sections (with SK, MAN and TA involved) some slightly surpris-

ing occurrences can be detected. In the previous sections for the ICs MAN

would show a similar performance, but this time the left side stands out.

The di�erence is not caused by an increase in performance for the left

side but rather by a decrease for the right side. This can be observed in

Figure 48 and Figure 49, in which the corresponding F1, Precision, Recall

and MAE(r) values are given.

Apart from that the situation stays more or less the same: SK and TA

show big di�erences in both sides, favoring the right side. Overall average

performance for these two is still better than for MAN. In Figure 49, the
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Figure 45: Comparison of the MAE(r) of the TOs detected by data gathered at

the ankles and shank during SWS. The vertical axis represents the

amount of samples.

IC FWS P1 P2 P4 P6 P7 P8 P10 P11

# ICins − #IC Accel R SK(R) 2 2 0 0 -1 2 1 3

MANR 2 2 1 1 0 2 1 3

TA(R) -12 -4 1 0 2 4 2 3

L SK(L) 3 3 4 0 -1 1 0 0

MANL 3 3 3 1 1 2 1 2

TA(L) -4 -6 8 0 -1 3 -2 -2

SELL 4 4 4 -26 -1 1 1 1

Gyro L CAT 3 2 4 1 1 -3 -6 1

FRAC 4 4 5 2 2 1 2 2

GO 4 5 4 1 1 55 2 1

JUNG 4 3 4 0 0 -85 2 1

MAQ 2 3 4 0 1 0 0 1

Table 11: Amount of ICs detected by the algorithms subtracted from the amount

of ICs detected by the insoles during FWS
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TO FWS P1 P2 P4 P6 P7 P8 P10 P11

# TOins − #TO Accel R SK(R) NC 2 2 1 1 2 2 4

TA(R) 2 0 8 1 3 0 -2 2

L SK(L) 4 2 4 1 1 1 1 2

TA(R) 4 3 -3 3 1 2 0 1

SELL 22 123 3 35 30 0 29 11

Gyro L CAT 2 1 4 1 2 -4 -7 1

FRAC 3 3 3 1 2 0 1 2

GO 4 4 4 2 2 55 2 2

JUNG 3 2 3 0 0 -86 1 1

MAQ 3 4 4 2 2 0 0 2

Table 12: Amount of TOs detected by the algorithms subtracted from the amount

of TOs detected by the insoles during FWS

Figure 46: Average MAE & MAEr between ICs detected by algorithms and in-

soles during SWS. The vertical axis represents the amount of samples.
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Figure 47: Average F1-score, Precision & Recall of ICs during FWS.

Figure 48: Comparison of the events detected on the left and right side of the

body
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above becomes very clear when comparing the di�erence between the

corresponding MAE and MAEr values for the algorithms. MAN has a

really low MAE value for the right side, but by far the highest MAEr

value.

Similarly to PWS and SWS, the conclusion would become even more

one-sided taking the other algorithms into consideration as well, see Ta-

ble 13.

shank versus ankles versus sacrum Similar to SWS the algo-

rithms working with ankle-data perform best (Figure 50).

6.1.3.2 TOs

As seen in the amount of TOs detected by the di�erent algorithms, SELL

turned out to have the worst results.

MAE and MAEr values were calculated. The averages of these values

can be seen in Figure 51.

All individual MAE, MAEr, F1-score, Precision and Recall values for

the TOs during the PWS-part can be found in the appendix (Table 46 &

Table 47 ).

To interpret these values the averages for each algorithm were calcu-

lated again (Figure 52). The amount of False Negatives is also given in

Table 48 in the appendix.

accelerometer versus gyroscope It turns out that FWS fol-

lows the example of PWS and shows better results for ABA (Overall av-

erage F1-score of 0.2952, Precision of 0.299 and Recall of 0.2918)than for

GBA (Overall average F1-score of 0.1701, Precision of 0.1705 and Recall of

0.1707) (Overall average F1-score of 0.1643, Precision of 0.1913 and Recall

of 0.1865). The MAE and MAEr values seem to con�rm this. Although

both values were necessary,because with an average MAE of 5.061 the

ABA performs worse than the GBA (4.9657). But MAEr clari�es it (ABA:

14.869, GBA: 18.973). Furthermore continues the trend that the overall

performance for the detection of TOs is lower than the one for ICs.

left versus right Because MAN only detect heelstrikes, the direct

comparison of left and right gait events is limited again to SK and TA.

In Figure 53 the corresponding F1, Precision and Recall values are given.

In Figure 54 the MAE and MAEr values. As in the PWS and SWS parts,

SK and TA seem to show an opposite behaviour. While SK shows better

results for the right side again, TA prefers the left side. This time the dif-

ferences are smaller. Averaging the F1, Precision and Recall-values out,

the right side always has the advantage over the left, however the di�er-

ence for SK and TA stay relatively small. After taking all algorithms into

account, the right side still comes out on top, but with a bigger lead this

time(see Table 14).

shank versus ankles Comparing the gait events detected by the

algorithms grouped by the position of the sensor of the body, results in
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Figure 49: Comparison of the events detected on the left and right side of the

body. The vertical axis represents the amount of samples.

LEFT RIGHT

SK,MAN & TA F1 0,4539 0,6988

Precision 0,4567 0,7007

Recall 0,4514 0,6972

All algorithms F1 0,2946 0,6988

Precision 0,2993 0,7007

Recall 0,2936 0,6972

Table 13: Comparison of the average F1, Precision and Recall-values for the

events detected at both sides of the body during SWS
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Figure 50: Comparison of the events detected by data gathered at the ankles,

shanks and sacrum

Figure 51: Average MAE & MAEr between TOs detected by algorithms and in-

soles during FWS. The vertical axis represents the amount of samples.

Figure 55. The chart makes it pretty straightforward to see that the ankles

are better positions. And Figure 56 leaves no doubt as well.

fws conclusion The FWS results seem to be somewhere inbetween

the SWS and PWS results. Taking a look at the ICs, the ABA perform

better than the GBA. A �rst di�erence is seen looking at the ’Left ver-

sus Right’-comparison in which it was seen for the �rst time that MAN

seemed to favour a single side over the other. Overall is right still the best
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Figure 52: Average F1-score, Precision & Recall of TOs during FWS.

Figure 53: Comparison of the TOs detected on the left and right side of the body

during FWS

side, so it’s no surprise that the ankles come out on top (because shank

data is coming from the left side).
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Figure 54: Comparison of the MAE(r) of the TOs detected on the left and right

side of the body during FWS. The vertical axis represents the amount

of samples.

LEFT RIGHT

SK & TA F1 0,346 0,3788

Precision 0,3492 0,3828

Recall 0,3428 0,375

All algorithms F1 0,1961 0,3788

Precision 0,1978 0,3828

Recall 0,1953 0,375

Table 14: Comparison of the average F1, Precision and Recall-values for the TOs

detected on separate sides of the body during FWS



6.1 analysis of the results given by the algorithms 71

Figure 55: Comparison of the TOs detected by data gathered at the ankles and

shank during FWS

Figure 56: Comparison of the MAE(r) of the TOs detected by data gathered at

the ankles and shank during FWS. The vertical axis represents the

amount of samples.
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6.2 discussion and comparison (pws & sws & fws)

accelerometer versus gyroscope To get an idea of which al-

gorithm could be considered the best, some sort of ranking system is

required. Two slightly di�erent ranking systems were taken into consid-

eration. In a �rst step all F1-scores, Precision-, Recall-, MAE- and MAEr-

values of every algorithm was averaged out. Initially this was done for

ICs and TOs separately. The results can be found in Table 15 and Table 17.

In those tables a ’Total’-value is given, which is an average of the F1-score,

Precision and Recall for that algorithm. To get to an initial endscore the

MAE- and MAEr-values were taken into account as well as follows:

INITIALSCORE = TOTAL(1−
MAE

8
)(1−

MAEr

40
)

This gives back a value between 0 and 1, of which the actual value is

of lesser importance, but which does allow us to rank the algorithms.

Up to here, each time an algorithm was run on di�erent data was evalu-

ated as a singularity. However, to rank purely based on the type of algo-

rithm it’s better to look at e.g. SK(R) and SK(L) as a whole. Results can

be found in Table 16 and Table 18. Looking at the ICs it can be seen that

the �rst 3 algorithms belong to the group of ABA. SK is leading steadily,

followed by TA and MAN. The �rst GBA ends up on the 4th place, but

pretty far behind the top 3. The TOs are a di�erent story. Again an ABA

is leading the list: TA. But this time FRAC and JUNG (two GBA) complete

the top 3. It should be mentioned that these initial scores for the TOs are

way lower than those for the ICs.

So far there are two di�erent winners for ICs and TOs, to get an overall

winner these results have to be averaged out. The only downside here

is that MAN wasn’t designed to detect TOs, so it’s �nal score remains

unchanged. Since it has been already showed that results for ICs tend

to be higher, using this system to get a �nal ranking would be a little

biased. These initial results, concerning ABA versus GBA, can be found

in Table 19. In this initial ranking MAN ends up as a winner, which may

be a bit unjusti�ed. However, the top 3 consists of ABA. The only ABA

lacking behind is SELL, which can be found at the bottom of the ranking.

The best GBA seems to be FRAC, but even with it’s 4th place it’s a fair

bit behind the top 3.

To get to a more accurate ranking two extra steps were taken. Firstly

the calculation of the endscore changed to enhance the in�uence of the

MAEr-value :

ENDSCORE = TOTAL(1−
MAE

8
)(1−

MAEr

40
)2

Since the absolute value of this endscore was of little importance and

only the values relative to each other actually mattered, this choice was

justi�ed. Secondly, instead of taking over the value for MAN calculated

solely based on the IC results, the choice was made to average this value

out. Simply halving the value would have been as unfair as doing noth-

ing at all. So another option was chosen. To do this, the IC-performance

of MAN relative to the other algorithms was deducted. It turned out that
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it performed 1.5088 times better than the average algorithm. Next the

average result for the TOs was calculated and this value was multiplied

by 1.5088. This �nal value, an attempt to get the best estimation of the

missing TO-value, would be used to average the IC-value of MAN. Doing

this the ranking got mixed up. SK ended on top of the ranking, followed

by two other ABA. This time MAN could ’only’ be found on the third

place. The �nal result can be found in Table 20. It was taken into consid-

eration to add the amount of FN as another factor in the calculation of

the end result, but since these don’t relate immediately to the accuracy

of the algorithms, this idea was abandoned. There are pros and cons that

can be said about including MAN in the �nal score. One might say that

since it doesn’t return TOs it shouldn’t be included in the �nal ranking

at all. Or, as said before, the initial score (for the ICs) could have simply

been halved. However that last option might be considered too harsh of

a ’punishment’.

However, the question of this thesis was not solely to get an answer on

the ’GBA versus ABA’-question, but also to gain some more information

about the optimal location to place the sensors. So, similar to the previous

sections, some speci�c analysis is done to deduct this in the next para-

graph. It should be noted that with a 4 ABA and 5 ABA, a comparison on

that level makes sense. In case of ’ankle versus shank versus sacrum’ the

comparison is less valuable since only one algorithm requires a sensor at-

tached to the sacrum. And ’left versus right’ should ideally be done with

results from the GBA collected at the right shank included. Nonetheless

a similar approach as in the ’GBA versus ABA’- question can be taken.

In all of the below the correlation between the type of algorithm, the

position of the sensor and the side of the body should be kept in mind.

IC F1 Precision Recall TOTAL MAE MAEr INITIAL SCORE

SKR 0,918670238 0,888502976 0,883274405 0,896815873 2,7484375 3,918575 0,531037912

TAR 0,813733333 0,8151375 0,813058333 0,813976389 3,9447 4,7658875 0,363452913

MANL 0,5418875 0,544966667 0,538866667 0,541906944 3,273744643 10,5055375 0,236065438

MANR 0,439508333 0,442116667 0,436941667 0,439522222 2,910625833 9,092518056 0,216052285

FRAC 0,510404167 0,5143875 0,5065125 0,510434722 5,123501667 9,0516125 0,142001321

SKL 0,415395833 0,415120833 0,416070833 0,415529167 4,560939722 12,63632917 0,122198445

TAL 0,35165 0,351225 0,352345833 0,351740278 4,0299925 13,00821667 0,117786368

MAQ 0,282708333 0,284091667 0,281341667 0,282713889 3,961143333 11,28477917 0,102463165

CAT 0,254125 0,255583333 0,2527 0,254136111 3,4326625 14,3166375 0,093160409

GO 0,26205 0,264708333 0,259520833 0,262093056 3,547129167 14,65714167 0,092427505

JUNG 0,217758333 0,217320833 0,219225 0,218101389 3,1034375 15,1965125 0,082777538

SELL 0,069020833 0,069266667 0,068808333 0,069031944 3,034322222 18,26127917 0,023286952

Table 15: Global results for ICs, ranked on initial result
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IC F1 Precision Recall TOTAL MAE MAEr INITIAL SCORE

SK 0,667033036 0,651811905 0,649672619 0,65617252 3,654688611 8,277452083 0,326618179

TA 0,582691667 0,58318125 0,582702083 0,582858333 3,98734625 8,887052083 0,24061964

MAN 0,490697917 0,493541667 0,487904167 0,490714583 3,092185238 9,799027778 0,226058862

FRAC 0,510404167 0,5143875 0,5065125 0,510434722 5,123501667 9,0516125 0,142001321

MAQ 0,282708333 0,284091667 0,281341667 0,282713889 3,961143333 11,28477917 0,102463165

CAT 0,254125 0,255583333 0,2527 0,254136111 3,4326625 14,3166375 0,093160409

GO 0,26205 0,264708333 0,259520833 0,262093056 3,547129167 14,65714167 0,092427505

JUNG 0,217758333 0,217320833 0,219225 0,218101389 3,1034375 15,1965125 0,082777538

SELL 0,069020833 0,069266667 0,068808333 0,069031944 3,034322222 18,26127917 0,023286952

Table 16: Global results for ICs, ranked on initial result. The results from the

algorithms executed on data collected at both sides of the body are

averaged out.

TO F1 Precision Recall TOTAL MAE MAEr INITIAL SCORE

TAL 0,464995833 0,474420833 0,45855 0,465988889 3,940856429 9,7400625 0,178866094

FRAC 0,336083333 0,296825 0,293754167 0,3088875 3,376334722 14,44546667 0,11405247

SKR 0,461702976 0,4649625 0,458506548 0,461724008 5,679417857 8,978279167 0,103871238

JUNG 0,305608333 0,279029167 0,300791667 0,295143056 4,467738333 12,79434167 0,088632847

MAQ 0,184604167 0,182479167 0,1793875 0,182156944 3,1865 17,064125 0,06284519

TAR 0,15515 0,197420833 0,192533333 0,181701389 4,366198333 14,56673333 0,052477318

CAT 0,230095833 0,195683333 0,193220833 0,206333333 4,364975 21,68360833 0,042930578

SKL 0,14285 0,144645833 0,1411125 0,142869444 4,457113889 19,12814167 0,033014725

GO 0,110458333 0,094366667 0,09265 0,099158333 3,732926667 18,17968333 0,028851633

SELL 0,008883333 0,0104125 0,007754167 0,009016667 2,410775 26,46645417 0,002131372

Table 17: Global results for TOs, ranked on initial result.

TO F1 Precision Recall TOTAL MAE MAEr INITIAL SCORE

TA 0,310072917 0,335920833 0,325541667 0,323845139 4,153527381 12,15339792 0,115671706

FRAC 0,336083333 0,296825 0,293754167 0,3088875 3,376334722 14,44546667 0,11405247

JUNG 0,305608333 0,279029167 0,300791667 0,295143056 4,467738333 12,79434167 0,088632847

SK 0,302276488 0,304804167 0,299809524 0,302296726 5,068265873 14,05321042 0,068442982

MAQ 0,184604167 0,182479167 0,1793875 0,182156944 3,1865 17,064125 0,06284519

CAT 0,230095833 0,195683333 0,193220833 0,206333333 4,364975 21,68360833 0,042930578

GO 0,110458333 0,094366667 0,09265 0,099158333 3,732926667 18,17968333 0,028851633

SELL 0,008883333 0,0104125 0,007754167 0,009016667 2,410775 26,46645417 0,002131372

Table 18: Global results for TOs, ranked on initial result. The results from the

algorithms executed on data collected at both sides of the body are

averaged out.

ankle versus shank versus sacrum Similarly to the general

comparison all results from the ICs are gathered. A total score is calcu-

lated as the average of the average F1-scores, Precision- and Recall-values.

The endscore is calculated as given before, again using the average value

for TOs times 1.1899 (MAN performed 1.1899 times better for ICs than the

average) to average the result of MAN with. According to these results

the ankles are the best position for the detection of ICs. All of this can be

found in Table 21. The same thing is done for TOs (Table 22, but this time

limited to ankle and shank results. It turns out that the ankles are the best

position for TOs as well. But it’s noticeable how much lower the scores

are for the TOs than for the ICs. Due to this fact, averaging results out

for ICs and TOs gives back the ankles as winner but without the negative

compensation the sacrum would have been the winner (Table 23).
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IC+TO F1 Precision Recall TOTAL MAE MAEr I.S.

MAN 0,4907 0,4935 0,4879 0,4907 3,0922 9,799 0,2261

SK 0,4847 0,4783 0,4747 0,4792 4,3615 11,1653 0,1975

TA 0,4464 0,4596 0,4541 0,4534 4,0704 10,5202 0,1781

FRAC 0,4232 0,4056 0,4001 0,4097 4,2499 11,7485 0,128

JUNG 0,2617 0,2482 0,26 0,2566 3,7856 13,9954 0,0857

MAQ 0,2337 0,2333 0,2304 0,2324 3,5738 14,1745 0,0827

CAT 0,2421 0,2256 0,223 0,2302 3,8988 18,0001 0,068

GO 0,1863 0,1795 0,1761 0,1806 3,64 16,4184 0,0606

SELL 0,039 0,0398 0,0383 0,039 2,7225 22,3639 0,0127

Table 19: Initial ranking, ranked on Initial Score.

IC+TO F1 Precision Recall TOTAL MAE MAEr I.S. F.S.

SK 0,4847 0,4783 0,4747 0,4792 4,3615 11,1653 0,1975 0,1651

TA 0,4464 0,4596 0,4541 0,4534 4,0704 10,5202 0,1781 0,1421

MAN 0,4907 0,4935 0,4879 0,4907 3,0922 9,799 0,2261 0,1172

FRAC 0,4232 0,4056 0,4001 0,4097 4,2499 11,7485 0,128 0,0914

JUNG 0,2617 0,2482 0,26 0,2566 3,7856 13,9954 0,0857 0,0558

MAQ 0,2337 0,2333 0,2304 0,2324 3,5738 14,1745 0,0827 0,0548

CAT 0,2421 0,2256 0,223 0,2302 3,8988 18,0001 0,068 0,0397

GO 0,1863 0,1795 0,1761 0,1806 3,64 16,4184 0,0606 0,0371

SELL 0,039 0,0398 0,0383 0,039 2,7225 22,3639 0,0127 0,0067

Table 20: Final ranking. "I.S." stands for Initial Score, "F.S." stands for �nal score.

Ranked on �nal score.

left versus right To keep things relevant, the �nal comparison

in this category is limited to those algorithms who actually returned an-

swers for both left and right. Similarly to the general comparison all re-

sults from the ICs are gathered �rst. A total value, initial score and �nal

score are calculated as before, but this time no compensation was applied

for MAN (Table 24). According to these results applying the algorithms

to data collected at the right side is the best choice. The same thing is

done for TOs (Table 25). It turns the right side is favoured for the TOs as

well. But once again it’s noticeable how much lower the scores are for the

TOs than for the ICs. However, this time the �nal result is exactly what

was expected. Averaging results out for ICs and TOs gives back the right

side as winner (Table 26).

IC F1 Precision Recall TOTAL MAE MAEr INITIAL SCORE

Ankle 0,624862351 0,617496577 0,616187351 0,619515427 3,821017431 8,582252083 0,254183735

Shank 0,266011111 0,267559722 0,264684722 0,266085185 3,700366065 13,79466042 0,093689731

Sacrum 0,490697917 0,493541667 0,487904167 0,490714583 3,092185238 9,799027778 0,227294053

Table 21: Results for the algorithms based on the position of the sensor (IC)
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TO F1 Precision Recall TOTAL MAE MAEr INITIAL SCORE

Ankle 0,306174702 0,3203625 0,312675595 0,313070933 4,610896627 13,10330417 0,089181858

Shank 0,195955556 0,176465972 0,177926389 0,183449306 3,70277362 18,43894653 0,053115871

Table 22: Results for the algorithms based on the position of the sensor (TO)

IC+TO F1 Precision Recall TOTAL MAE MAEr I.S. F.S.

Ankle 0,465518527 0,468929539 0,464431473 0,46629318 4,215957029 10,84277813 0,171682797 0,129807223

Sacrum 0,490697917 0,493541667 0,487904167 0,490714583 3,092185238 9,799027778 0,227294053 0,112162042

Shank 0,230983333 0,222012847 0,221305556 0,224767245 3,701569843 16,11680347 0,073402801 0,045005067

Table 23: Final ranking for the ’Ankle versus Shank versus Sacrum’-question,

ranked on �nal score

IC F1 Precision Recall TOTAL MAE MAEr INITIAL SCORE

right 0,723970635 0,715252381 0,711091468 0,716771495 3,201254444 5,925660185 0,366256989

left 0,436311111 0,437104167 0,435761111 0,43639213 3,954892288 12,05002778 0,154183678

Table 24: Results for the algorithms based on the side of the body the sensor was

on (IC)

TO F1 Precision Recall TOTAL MAE MAEr INITIAL SCORE

right 0,308426488 0,331191667 0,32551994 0,321712698 5,022808095 11,77250625 0,084488456

left 0,278810938 0,282371875 0,276884896 0,279355903 4,117237763 15,2404776 0,08392492

Table 25: Results for the algorithms based on the side of the body the sensor was

on (TO)

F1 Precision Recall TOTAL MAE MAEr I.S. F.S.

right 0,516198562 0,523222024 0,518305704 0,519242097 4,11203127 8,849083218 0,225372722 0,185810781

left 0,357561024 0,359738021 0,356323003 0,357874016 4,036065026 13,64525269 0,119054299 0,079842131

Table 26: Final ranking for the ’Left versus Right’-question, ranked on Final

Score (F.S.). "I.S." stands for Initial Score.
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6.2.1 A retrospect

Looking back on the work done and methodology followed, there are a

few remarks that should be mentioned. In evaluating the accuracy of the

gait events, the main focus in this thesis was to get a view on the di�er-

ence in timing between the events detected by the algorithms and the

groundtruth given by the insoles. Therefore no bias was removed before

calculating the end results. However in many cases a (small) constant

bias is acceptable because, in gait analysis, often the interest lies in the

calculation of some gait parameters such as step or stride duration and

not so much in the exact occurrence of the events (such as ICs and TOs)

itself. With this in mind calculating the variance of the absolute error be-

tween the events detected by the insoles and the events detected by the

algorithms might have given more useful information for certain appli-

cations. A second remark is about the limitedness of the ranking system

used. While it makes sense to use the performance measures (such as

MAE, precision and recall) a more complete view might have been ob-

tained if other parameters would have been included as well. One could

have tried to bring the inherent properties, such as power consumption

and temperature-sensitivity, into account. A more thorough examination

of the algorithms might have allowed to add a factor into the equation

that re�ects the complexity of the algorithm or a value could have been

assigned to how easy or di�cult it was to don or do� the sensors at the

position on the body for which the algorithms were designed.



7
C O N C L U S I O N

In this chapter the work�ow and �ndings will be summarized. In addition

future research possibilities will be mentioned as well.

7.1 conclusion

The main goal of this study was to �nd out which type of inertial sen-

sor, accelerometer or gyroscope, is more appropriate for gait analysis in

a real life setting. Despite the fact that the results gathered for the algo-

rithms in this thesis seem to be quite low, a ranking is obtained and an

answer could be given on the main question. Based on a comparison of a

number of available algorithms, a ranking was made tried to re�ect the

accuracy of the sensors itself. A set of algorithms was implemented and

used to deduct two gait events, Initial Contact and Toe O�, from a set of

data. These two events provide enough information for most uses. A data

collection was done, in the appropriate environment, to provide the data

needed for this study, however synchronization of the two main compo-

nents, a set of Shimmers and a Pedar insole-set, was initially overlooked.

Manual synchronization allowed to proceed the study according to plan.

The algorithms were executed, ICs and TOs were collected for each type

of walking. These events detected by the algorithms were matched with

those detected by the insoles. There was only a match if two events

happened within the same 8 sample (0.0625s) time region. The amount

of matches were set equal to the amount of True Positives, while the

amount of wrongly detected events by the algorithms were set equal to

the amount of False Positives. The amount of events detected by the in-

soles for which no match could be found gave us the amount of False

Negatives. Based on these values the F1-score, Precision and Recall were

calculated. For each TP the MAE was calculated as well. Furthermore an

extra value called MAEr, a less strict version of MAE, was calculated. This

value tried to give a better representation of the actual spreading of the

algorithm- and insole-events. For both types of events, ICs and TOs, the

research was split into three di�erent parts:

1. Accelerometer versus Gyroscope

2. Ankle versus Shank versus Sacrum

3. Left versus Right

The selection of these parts is almost self explanatory. Part 1 provides an

answer to the main question. Part 2 & 3 tried to see which in�uence the

positioning of the sensors had on the operation of the sensors and the al-

gorithms. For each part the results were merged together and a ranking

system was developed to order these. In almost every comparison TOs

seem to do worse than ICs. This might be because TOs, observed from

78
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a locomotive point of view, are more subtle of a movement than ICs. In

most cases both ICs and TOs will be necessary when doing gait analysis.

However in those cases where temporal values as step- and stride-times

are su�cient it’s probably better to work with IC-detection. Based on the

available algorithms and data, accelerometer-based algorithms (ABA) us-

ing data collected at the sternum initially came out on top of the ranking.

In this initial ranking MAE and MAEr were considered to be equally im-

portant, plus no negative compensation was given to the algorithms that

only returned ICs. A compensation would have been reasonable seeing

the trend that the results for TOs were lower than the corresponding re-

sults for ICs. That’s why in the �nal ranking system some sort of negative

compensation was given to those algorithms that returned only one type

of events. In addition the decision was taken to increase the importance

of the MAEr-value. Based on this system the actual ’winner’ was the ABA

using the data collected at the ankles, with a preference for the right side.

Given the fact that the �rst gyroscope-based algorithm can only be found

on the fourth place, combined with a better performance for accelerom-

eters in terms of power consumption, temperature-sensitivity, and the

fact that it is more sensitive to shock, the conclusion based on the avail-

able information is that accelerometers are preferable over gyroscopes.

Although others might claim di�erently. In [27]; [24] ; [37] gyroscopes

are said to be the most suitable device to monitor human gait over a long

period of time, o�ering several additional advantages as not being sub-

jected to linear acceleration and/or gravity, which can contain high fre-

quency components in the signal. Or that it is not a�ected by nearby

magnetic �eld [16].

7.2 future research

This study has only taken a modest number of algorithms into account,

which implied that not all possible positions for sensors have been stud-

ied. For further study, therefore, more algorithms should be taken into

account, equally spread over ABA and GBA, but also with more diversi-

�cation concerning the di�erent positions of the body. The study should

be expanded to pathological data as well. Furthermore would it be a good

idea to work with data that has actual synchronized ground truth infor-

mation and that o�ers the possibility to do a completely symmetrical anal-

ysis. Therefore, to make the whole study more statistically relevant, more

participants, with a wider age range, should be involved in the data collec-

tion. It might be useful to do more research concerning the in�uence of

inherent characteristics of both sensors on collecting data during longer

periods of time to be able to include them in the ranking system.
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Data collection protocol 
 

INFORMATION FOR THE PARTICIPANTS 

We would like to invite you to take part in a research study. Before you decide you need to 

understand why the research is being done and what you are required to do. Please take your time 

to read the following information carefully. Ask questions if anything is unclear or if you would like 

more information. Take your time to decide whether or not to take part. We will describe the study 

and go through the information sheet. We will then ask you to sign a consent form to show you 

agreed to take part. You are free to withdraw at any time, without giving a reason. All information 

which is collected about you during the course of the research will be kept strictly confidential, 

and any information about you which leaves the university will have your name and address 

removed so that you remain anonymous. 

The estimated time for the whole thing will be around one hour.  

In case of rain, we must abort the activities. 

OBJECTIVE  

The study involves the collection of gait data which will be used to examine the difference 

between different kind of sensors, to get information about variability and symmetry in gait, as 

well as to get information about the connection between smartphones and sensors, sensors and 

external servers and comparing the accelerometer and gyroscope data. The data will be stored 

on servers at the university. We’re doing this outdoors to get the above information in less 

restricted situations (contrary to what most researchers have done before). 

 

HERE IS HOW THIS IS GOING TO WORK 

We will need some time to attach the sensors, this will take a while since we’re using about 18 

different sensors. You will walk/jog for a total time of 1,8 km. Between every type of walking you 

can get a minute of rest-time during which you’re not supposed to move.  

This allows us to separate the data segments. When anything unexpected happens while we’re 

recording data, we will write this down. 

ORDER OF ACTIVITIES 

1. Preferred walking speed 

1.1. 200m  without metronome, followed by a small break to calculate your cadence 

1.2. 200m with metronome 

2. Slow walking 

2.1. 200m without metronome 

2.2. 200m with metronome (-20 bpm compared to the previously measured cadence) 

3. Fast 

3.1. 200m without metronome 

3.2. 200m with metronome (+20 bpm) 

4. Walking with brace for 200m 

5. Repeating (1)  
 

  

 

 



Distance & speed 

 

Type of gait Speed Distance 

Healthy gait Walking on 
the track 

Without metronome Slow 200m 

   Natural 200m x 2 

   Fast 200m 

  With metronome Slow*  200m 

   Medium*  200m x2 

   Fast*  200m 

Mimicking 
limp gait 

Walking on 
the track 

Without metronome / 200m 

Total    1800m 
 

*We will measure the average cadence using a garmin watch during the first part and use this to set the 

metronome. 

This tempo will be in- or decreased with 20 for fast and slow walking. 

 

 

 Walking on the track 

The volunteers will start walking their preferred walking speed (personal interpretation), after 

200m they will be asked to wait for a while so we have some time to adjust the metronome to 

their PWS. They will walk for 200m on the rhythm of the metronome. Afterwards they’ll change 

to a slow pace (once again, their own interpretation of slow), after half a lap they’ll have to walk 

on the tempo given by the metronome again (this time 20bpm slower than during the first time). 

This is followed by 200m of fast walking on their own pace and 200m of fast walking on the 

metronome (initial cadence +20bpm). 

At this point they are obligated to stand still so we can provide them with a brace. 

When this is done they walk (with the brace) for 200m. 

We end with a repetition of the first part: 200m of PWS and 200m on the metronome. 

 

 Limp gait 

The participants will be given a knee brace in order to mimic a pathological gait and walk half a 

lap around the track. This is done to examine symmetry and variability in gait. 

 

 

 

  



SENSOR SETUP 

 

 

• Shimmers (9 in total) 

Accuracy: 0.001s 

Accelerometer 

The sensitivity is +-16g, the sampling rate 128Hz. 

Gyroscope 

The sensitivity is 2000 dps, the sampling rate 128 Hz. 

• Insoles (2 in total) 

Sampling rate is 100Hz, the accuracy limited to 0.01s. 

 

  



 

NR Location Type Orientation 

1 Sternum  Shimmer (57FC) Z axis sagittal  
Y axis downward 
X axis lateral 

2 Left pelvis  Shimmer (56D8) Z axis lateral  
Y axis downward 
X axis sagittal 

3 Right wrist  Shimmer (56CB) Z axis lateral  
Y axis downward 
X axis sagittal 

4 Left shank (back) Shimmer (56A9) Z axis sagittal  
Y axis downward 
X axis lateral 

5 Right shank (front) Shimmer (56B3) Z axis sagittal  
Y axis downward 
X axis lateral 

6 Sacrum  Shimmer (97A3) Z axis sagittal 
Y axis downward 
X axis lateral 

7 Left ankle Shimmer (57F7) Z axis lateral  
Y axis downward 
X axis sagittal 

8 Right ankle Shimmer (933D) Z axis lateral  
Y axis downward 
X axis sagittal 

9 Left upper arm Shimmer (9556) Z axis lateral  
Y axis downward 
X axis sagittal 

10 Left foot Insole  

12 Right foot Insole  
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Figure 57: Placement of the sensors (front) (1)

Figure 58: Placement of the sensors (side) (2)
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Figure 59: Placement of the sensors (back) (3)

a.2 statistical analysis data

IC PWS P1 P2 P4 P6 P7 P8 P10 P11

MAE Accel R SK(R) 5,9765 NaN 2,0402 2,155 1,3277 1,3742 3,7018 2,6245

MANR 2,0097 7,1729 2,3787 4,7671 2,3832 1,4791 3,0591 0

TA(R) 6,0914 3,3649 2,7793 1,5431 6,7754 2,1603 5,4727 2,4257

L SK(L) 2,3078 6,4671 1,7785 NaN 7,1846 7,1064 4,6557 NaN

MANL 2,4864 4,6999 6,6949 2,4391 4,004 6,9862 0 3,1905

TA(L) 4,7891 7,1981 1,6062 6,4563 7,2563 7,1015 NaN NaN

SELL 5,8383 NaN 6,5802 NaN NaN NaN NaN 4,3095

Gyro L CAT 1,9509 NaN 3,9849 NaN NaN 5,9327 2,6557 0,7757

FRAC 4,7013 7,3384 6,4563 5,4541 5,3344 5,0171 7,5678 NaN

GO 1,6765 NaN 1,1085 3,912 5,5978 NaN 6,4407 NaN

JUNG 1,5407 NaN 3,7455 NaN NaN NaN NaN 0,2243

MAQ 3,17 NaN 4,3616 7,4167 6,7563 3,5902 NaN NaN

MAEr Accel R SK(R) 6,0705 12,9416 2,3753 2,4404 1,3277 1,3742 3,7018 3,1432

MANR 2,0097 7,1729 2,4245 11,5754 2,4667 1,4791 3,3486 16,5221

TA(R) 8,8103 14,3721 2,8478 1,5431 7,0509 2,1603 5,6406 2,4257

L SK(L) 2,3078 6,6679 1,8926 18,0401 10,1777 7,5528 21,0863 23,3303

MANL 2,5836 5,8134 9,612 2,4391 5,6915 8,2688 24,684 3,3986

TA(L) 4,8164 8,3317 1,6062 19,6373 13,0043 8,4839 22,8753 25,5469

SELL 8,2904 17,7582 6,5802 23,152 10,6965 14,3384 24,1017 17,0335

Gyro L CAT 2,0822 13,8689 4,0405 18,5016 12,2875 9,2522 15,0004 24,4146

FRAC 4,8252 8,3176 6,6364 5,5293 5,3344 8,5406 9,2737 18,8102

GO 1,8933 15,6167 1,3759 12,5158 13,2268 32,7164 15,0157 26,5374

JUNG 1,5407 13,632 3,9523 20,0257 11,2722 23,3949 15,6737 24,1234

MAQ 3,17 11,5932 4,3988 9,5658 9,887 5,164 11,1815 22,0993

Table 27: Statistical measures MAE & MAEr calculated from the ICs detected

during PWS. MAE being the Mean Absolute Error of every event

within the +-8 sample margin, MAEr being the Mean Absolute Value

within a +-40 sample margin. The closer corresponding values are to

each other the more meaningful the MAE value is.
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IC PWS P1 P2 P4 P6 P7 P8 P10 P11

F1 Accel R SK(R) 0,9553 0,9553 0,9553 0,9553 0,9553 0,9553 0,9553 0,9553

MANR 0,9966 0,0071 0,9886 0,0214 0,9847 0,9933 0,9725 0,0076

TA(R) 0,2559 0,0142 0,9552 0,9894 0,7984 0,9801 0,7203 0,9807

L SK(L) 0,9898 0,947 0,9738 NaN 0,3118 0,7309 0,0079 NaN

MANL 0,9829 0,8143 0,1136 0,9964 0,7224 0,412 0,0079 0,9771

TA(L) 0,8543 0,4539 0,9185 0,0142 0,0154 0,3333 NaN NaN

SELL 0,6301 NaN 0,0076 NaN NaN NaN NaN 0,013

Gyro L CAT 0,9898 NaN 0,9811 NaN NaN 0,2345 0,0079 0,0077

FRAC 0,9553 0,4929 0,9015 0,9714 0,9924 0,3709 0,1349 NaN

GO 0,9863 NaN 0,9585 0,0996 0,0534 NaN 0,0711 NaN

JUNG 0,9932 NaN 0,966 NaN NaN NaN NaN 0,0076

MAQ 0,9932 NaN 0,9887 0,1357 0,0152 0,7525 NaN NaN

Precision Accel R SK(R) 0,9586 0 0,9774 0,9789 0,9924 0,9934 0,9921 0,9621

MANR 1 0,0072 0,9924 0,0214 0,9923 1 0,9764 0,0076

TA(R) 0,2517 0,0144 0,9412 0,9859 0,8175 0,9801 0,7068 0,9922

L SK(L) 0,9932 0,9504 0,9701 0 0,313 0,7333 0,0079 0

MANL 0,9863 0,8261 0,1145 1 0,7252 0,4133 0,0079 0,9771

TA(L) 0,8323 0,4571 0,9051 0,0142 0,0156 0,3356 0 0

SELL 0,6345 0 0,0076 0 0 0 0 0,0114

Gyro L CAT 0,9932 0 0,9848 0 0 0,2308 0,0079 0,0078

FRAC 0,9653 0,5 0,9084 0,9714 1 0,3709 0,136 0

GO 0,9931 0 0,9621 0,0993 0,0538 0 0,0714 0

JUNG 1 0 0,9697 0 0 0 0 0,0075

MAQ 1 0 0,9924 0,1357 0,0152 0,75 0 0

Recall Accel R SK(R) 0,9521 0 0,9848 0,9858 0,9848 0,9934 0,9844 0,9695

MANR 0,9932 0,007 0,9848 0,0213 0,9773 0,9868 0,9688 0,0076

TA(R) 0,2603 0,0141 0,9697 0,9929 0,7803 0,9801 0,7344 0,9695

L SK(L) 0,9864 0,9437 0,9774 0 0,3106 0,7285 0,0079 0

MANL 0,9796 0,8028 0,1128 0,9929 0,7197 0,4106 0,0079 0,9771

TA(L) 0,8776 0,4507 0,9323 0,0143 0,0152 0,3311 0 0

SELL 0,6259 0 0,0075 0 0 0 0 0,0153

Gyro L CAT 0,9864 0 0,9774 0 0 0,2384 0,0079 0,0076

FRAC 0,9456 0,4859 0,8947 0,9714 0,9848 0,3709 0,1339 0

GO 0,9796 0 0,9549 0,1 0,053 0 0,0709 0

JUNG 0,9864 0 0,9624 0 0 0 0 0,0076

MAQ 0,9864 0 0,985 0,1357 0,0152 0,755 0 0

Table 28: Statistical measures F1-score, recall & precision calculated from the

ICs detected during PWS (within the +-8 sample margin).
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IC PWS P1 P2 P4 P6 P7 P8 P10 P11

FN Accel R SK(R) 7 142 2 2 2 1 2 4

MANR 1 141 2 138 3 2 4 130

TA(R) 108 140 4 1 29 3 34 4

L SK(L) 2 8 3 140 91 41 126 131

MANL 3 28 118 1 37 89 126 3

TA(L) 18 78 9 138 130 101 127 131

SELL 55 142 132 140 132 151 127 129

Gyro L CAT 2 142 3 140 132 115 126 130

FRAC 8 73 14 4 2 95 110 131

GO 3 142 6 126 125 151 118 131

JUNG 2 142 5 140 132 151 127 130

MAQ 2 142 2 121 130 37 127 131

Table 29: Amount of false negatives (event detected by insole but not by the

algorithm) calculated from the ICs detected during PWS (within the

+-8 sample margin).

TO PWS P1 P2 P4 P6 P7 P8 P10 P11

MAE Accel R SK(R) 7,0628 NaN 5,9509 6,0577 4,5987 7,3235 7,684 7,4106

TA(R) NaN 4,5397 1,46 NaN 1,0677 NaN NaN 1,6364

L SK(L) 7,4608 NaN 4,1494 NaN NaN NaN NaN NaN

TA(L) NaN NaN NaN 1,3856 4,3312 6,6562 4,5541 4,2735

SELL NaN NaN NaN NaN NaN NaN NaN NaN

Gyro L CAT 6,1358 NaN 6,9801 NaN 3,3479 4,4137 NaN 5,9311

FRAC 0,8472 NaN 1,6546 NaN NaN 2,2593 NaN NaN

GO 2,4414 NaN 5,8718 NaN NaN NaN 4,6408 NaN

JUNG 5,1607 NaN 4,8115 3,8118 NaN 6,4116 5,209 NaN

MAQ 1,3903 7,8869 1,426 NaN NaN 2,1054 NaN NaN

MAE Accel R SK(R) 13,0591 20,9084 6,11 6,5316 4,6706 8,572 9,0494 8,0312

TA(R) 13,2827 4,6275 1,6697 16,8847 1,6021 19,2476 13,8494 25,9849

L SK(L) 9,2905 13,5276 4,7013 24,6351 17,6232 18,6593 29,1857 28,0603

TA(L) 17,6312 13,0087 19,7368 1,3856 4,5428 11,325 4,5541 4,2735

SELL 15,9964 30,1398 38,3203 33,3469 24,1647 24,4506 20,6994 17,6572

Gyro L CAT 6,3136 22,561 7,332 23,4675 21,8654 31,7007 18,8177 34,5211

FRAC 0,8472 15,7888 2,0085 16,2013 15,7771 19,9977 14,0069 27,6226

GO 4,4835 14,6027 6,3596 16,4473 15,3347 14,8868 27,7147 27,4142

JUNG 5,2588 11,8863 5,0359 11,9634 11,6064 15,9838 6,3217 22,9387

MAQ 6,7419 10,9482 1,6932 13,5868 11,2001 29,3054 23,2524 22,6753

Table 30: Statistical measures MAE & MAEr calculated from the TOs detected

during PWS. MAE being the Mean Absolute Error of every event

within the +-8 sample margin, MAEr being the Mean Absolute Value

within a +-40 sample margin. The closer corresponding values are to

each other the more meaningful the MAE value is.
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TO PWS P1 P2 P4 P6 P7 P8 P10 P11

F1 Accel R SK(R) 0,0206 NaN 0,9848 0,9071 0,9886 0,4 0,1667 0,5191

TA(R) NaN 0,9643 0,9208 NaN 0,3721 NaN NaN 0,0996

L SK(L) 0,1793 NaN 0,8712 NaN NaN NaN NaN NaN

TA(L) NaN NaN NaN 0,9706 0,8916 0,0201 0,9672 0,981

SELL NaN NaN NaN NaN NaN NaN NaN NaN

Gyro L CAT 0,9278 NaN 0,7652 NaN 0,0076 0,0065 NaN 0,0077

FRAC 0,9931 NaN 0,985 NaN NaN 0,351 NaN NaN

GO 0,4207 NaN 0,4848 NaN NaN NaN 0,008 NaN

JUNG 0,9691 NaN 0,9811 0,0643 NaN 0,2627 0,7888 NaN

MAQ 0,8041 0,0072 0,9736 NaN NaN 0,0132 NaN NaN

Precision Accel R SK(R) 0,0207 0 0,9924 0,9137 0,9924 0,4027 0,168 0,5191

TA(R) 0 0,9712 0,9242 0 0,381 0 0 0,1

L SK(L) 0,1806 0 0,8779 0 0 0 0 0

TA(L) 0 0 0 1 0,9487 0,0203 1 0,9773

SELL 0 0 0 0 0 0 0 0

Gyro L CAT 0,931 0 0,771 0 0,0076 0,0064 0 0,0078

FRAC 1 0 0,985 0 0 0,351 0 0

GO 0,4236 0 0,4885 0 0 0 0,008 0

JUNG 0,9724 0 0,9848 0,0643 0 0,2014 0,792 0

MAQ 0,8069 0,0072 0,9773 0 0 0,0132 0 0

Recall Accel R SK(R) 0,0205 0 0,9774 0,9007 0,9848 0,3974 0,1654 0,5191

TA(R) 0 0,9574 0,9173 0 0,3636 0 0 0,0992

L SK(L) 0,1781 0 0,8647 0 0 0 0 0

TA(L) 0 0 0 0,9429 0,8409 0,0199 0,9365 0,9847

SELL 0 0 0 0 0 0 0 0

Gyro L CAT 0,9247 0 0,7594 0 0,0076 0,0066 0 0,0076

FRAC 0,9863 0 0,985 0 0 0,351 0 0

GO 0,4178 0 0,4812 0 0 0 0,0079 0

JUNG 0,9658 0 0,9774 0,0643 0 0,3775 0,7857 0

MAQ 0,8014 0,0071 0,9699 0 0 0,0132 0 0

Table 31: Statistical measures F1-score, recall & precision calculated from the

TOs detected during PWS (within the +-8 sample margin).

TO PWS P1 P2 P4 P6 P7 P8 P10 P11

FN Accel R SK(R) 143 141 3 14 2 91 106 63

TA(R) 146 6 11 141 84 151 127 118

L SK(L) 120 141 18 140 132 151 126 131

TA(L) 146 141 133 8 21 148 8 2

SELL 146 141 133 140 132 151 126 131

Gyro L CAT 11 141 32 140 131 150 126 130

FRAC 2 141 2 140 132 98 126 131

GO 85 141 69 140 132 151 125 131

JUNG 5 141 3 131 132 94 27 131

MAQ 29 140 4 140 132 149 126 131

Table 32: Amount of false negatives (event detected by insole but not by the

algorithm) calculated from the TOs detected during PWS (within the

+-8 sample margin).
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IC PWS P1 P2 P4 P6 P7 P8 P10 P11

# IC Accel R SK( R) 145 139 133 142 131 151 127 132

MANR 145 139 131 140 130 149 127 131

TA 151 139 136 142 126 151 133 128

L SK(L) 146 141 134 140 131 150 126 131

MANL 146 138 131 139 131 150 126 131

TA(L) 155 140 137 141 128 149 111 129

SELL 145 139 131 169 130 151 126 176

Gyro L CAT 146 140 132 141 131 156 127 129

FRAC 144 138 131 140 130 151 125 128

GO 145 140 132 141 130 152 126 128

JUNG 145 140 132 140 131 283 126 133

MAQ 145 140 132 140 132 152 127 129

Insoles R 146 142 132 141 132 151 128 131

L 147 142 133 140 132 151 127 131

Table 33: Amount of ICs detected during PWS

TO PWS P1 P2 P4 P6 P7 P8 P10 P11

#TO Accelerometer R SK( R) 145 139 131 139 131 149 125 131

TA 148 139 132 140 126 151 123 130

L SK(L) 144 139 131 140 130 150 126 131

TA(L) 150 139 148 132 117 148 118 132

SELL 146 136 130 106 105 151 125 87

Gyro L CAT 145 140 131 140 131 156 126 128

FRAC 144 139 133 140 130 151 125 128

GO 144 140 131 140 129 151 125 128

JUNG 145 140 132 140 131 283 126 133

MAQ 145 138 132 139 130 151 126 128

Insoles R 146 141 133 141 132 151 127 131

L 146 141 133 140 132 151 126 131

Table 34: Amount of TOs detected during PWS



A.2 statistical analysis data 91

IC SWS P1 P2 P4 P6 P7 P8 P10 P11

MAE Accel R SK(R) NC ZERO 3,2044 2,8865 1,0361 3,5003 1,5779 3,6126

MANR ZERO 6,4778 2,81 6,5387 3,6511 5,0351 ZERO ZERO

TA(R) 5,3164 6,2751 3,8373 3,2557 3,139 3,2512 2,3192 6,0903

L SK(L) 3,1841 6,6337 3,8279 ZERO 7,1364 7,1876 7,1385 ZERO

MANL 2,8289 0 4,4474 1,2697 6,0971 4,3227 4,2985 ZERO

TA(L) 3,134 2,7468 3,5028 ZERO 6,6256 7,207 ZERO ZERO

SELL 2,865 ZERO ZERO ZERO ZERO ZERO ZERO ZERO

Gyro L CAT 2,9644 ZERO 6,0152 ZERO ZERO 5,9586 ZERO ZERO

FRAC 2,644 ZERO 4,5169 6,4884 5,7577 4,2122 3,8527 ZERO

GO 3,767 6,7984 1,6733 4,4415 6,7143 6,4018 ZERO ZERO

JUNG 2,733 ZERO 5,3952 ZERO ZERO 6,114 ZERO ZERO

MAQ 2,4786 2,7984 3,1266 7,484 ZERO 4,9375 ZERO ZERO

MAEr Accel R SK(R) ZERO 12,6594 3,3325 3,1156 1,0361 3,6244 1,682 3,6126

MANR 0 11,4851 3,0551 7,7017 3,9375 5,2358 ZERO ZERO

TA(R) 6,8384 6,3928 4,0832 3,3295 3,139 3,3217 2,5471 6,5047

L SK(L) 3,3439 9,5892 4,188 20,8488 11,4556 9,86 26,6315 24,1386

MANL 29,4207 18,5561 5,0025 1,3718 8,2976 4,3501 15,5139 29,4986

TA(L) 3,2268 2,954 3,5667 21,6663 13,4971 11,0636 20,8315 25,971

SELL 3,1198 23,6609 18,1272 23,3862 11,2517 17,4197 12,4408 33,7742

Gyro L CAT 3,3461 21,5359 6,3734 19,3152 13,309 13,0344 15,7303 24,6679

FRAC 3,8292 15,9765 4,5682 7,359 5,9458 5,769 10,5057 19,3414

GO 4,0213 23,1802 1,6733 14,2559 13,3638 24,1588 17,1869 27,0751

JUNG 12,0236 20,8663 6,1118 20,8351 12,24 11,0186 16,5205 24,0251

MAQ 2,869 19,3431 3,3649 10,9301 10,9125 8,5507 12,1211 22,6108

Table 35: Statistical measures MAE & MAEr calculated from the ICs detected

during SWS. MAE being the Mean Absolute Error of every event

within the +-8 sample margin, MAEr being the Mean Absolute Value

within a +-40 sample margin. The closer corresponding values are to

each other the more meaningful the MAE value is.
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IC SWS P1 P2 P4 P6 P7 P8 P10 P11

F1 Accel R SK(R) NC 0 0,9834 0,9662 0,9871 0,9844 0,9868 0,9825

MANR 0,0059 0,0893 0,9498 0,5993 0,9437 0,9533 0,0066 0,007

TA(R) 0,3684 0,9273 0,9498 0,9764 0,9304 0,975 0,7584 0,8732

L SK(L) 0,8932 0,3493 0,9603 0 0,0769 0,2438 0,0053 0

MANL 0,0177 0,0069 0,897 0,9898 0,3948 0,9906 0,0987 0,007

TA(L) 0,9731 0,9697 0,9699 0 0,0169 0,0815 0 0

SELL 0,9735 0 0 0 0 0 0 0

Gyro L CAT 0,9765 0 0,9007 0 0 0,0427 0 0

FRAC 0,8757 0 0,9834 0,7027 0,9224 0,7438 0,1776 0

GO 0,9794 0,0069 0,98 0,0608 0,1631 0,0214 0 0

JUNG 0,3062 0 0,894 0 0 0,0898 0 0

MAQ 0,9647 0,0068 0,9868 0,027 0 0,3614 0 0

Precision Accel R SK(R) NC 0 0,9867 0,9728 0,9829 0,9875 0,9934 0,9929

MANR 0,0059 0,0903 0,9595 0,6014 0,9478 0,9563 0,0066 0,0071

TA(R) 0,3349 0,9437 0,9595 0,9797 0,9386 0,9811 0,7793 0,8857

L SK(L) 0,8359 0,3517 0,9667 0 0,0769 0,2438 0,0045 0

MANL 0,0178 0,0069 0,906 0,9932 0,3966 0,9937 0,0993 0,0071

TA(L) 0,9879 0,96 0,9864 0 0,0167 0,0818 0 0

SELL 0,9763 0 0 0 0 0 0 0

Gyro L CAT 0,9765 0 0,9067 0 0 0,0417 0 0

FRAC 0,881 0 0,9933 0,7027 0,9304 0,7438 0,1788 0

GO 0,9822 0,0069 0,9932 0,0608 0,1638 0,025 0 0

JUNG 0,2638 0 0,9 0 0 0,0747 0 0

MAQ 0,9647 0,0069 0,9933 0,027 0 0,3602 0 0

Recall Accel R SK(R) NC 0 0,9801 0,9597 0,9914 0,9814 0,9804 0,9722

MANR 0,0058 0,0884 0,9404 0,5973 0,9397 0,9503 0,0065 0,0069

TA(R) 0,4094 0,9116 0,9404 0,9732 0,9224 0,9689 0,7386 0,8611

L SK(L) 0,9588 0,3469 0,9539 0 0,0769 0,2438 0,0065 0

MANL 0,0176 0,0068 0,8882 0,9865 0,3932 0,9875 0,098 0,0069

TA(L) 0,9588 0,9796 0,9539 0 0,0171 0,0813 0 0

SELL 0,9706 0 0 0 0 0 0 0

Gyro L CAT 0,9765 0 0,8947 0 0 0,0438 0 0

FRAC 0,8706 0 0,9737 0,7027 0,9145 0,7438 0,1765 0

GO 0,9765 0,0068 0,9671 0,0608 0,1624 0,0188 0 0

JUNG 0,3647 0 0,8882 0 0 0,1125 0 0

MAQ 0,9647 0,0068 0,9803 0,027 0 0,3625 0 0

Table 36: Statistical measures F1-score, recall & precision calculated from the

ICs detected during SWS (within the +-8 sample margin).
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IC SWS P1 P2 P4 P6 P7 P8 P10 P11

FN Accelerometer R SK(R) NC 147 3 6 1 3 3 4

MANR 170 134 9 60 7 8 152 143

TA(R) 101 13 9 4 9 5 40 20

L SK(L) 7 96 7 148 108 121 152 144

MANL 167 146 17 2 71 2 138 143

TA(L) 7 3 7 148 115 147 153 144

SELL 5 147 152 148 117 160 153 144

Gyro L CAT 4 147 16 148 117 153 153 144

FRAC 22 147 4 44 10 41 126 144

GO 4 146 5 139 98 157 153 144

JUNG 108 147 17 148 117 142 153 144

MAQ 6 146 3 144 117 102 153 144

Table 37: Amount of false negatives (event detected by insole but not by the

algorithm) calculated from the ICs detected during SWS (within the

+-8 sample margin).

TO SWS P1 P2 P4 P6 P7 P8 P10 P11

MAE Accel R SK(R) 0 ZERO 6,8405 7,0133 6,2493 7,9511 7,2429 7,5641

TA(R) ZERO 5,996 ZERO ZERO ZERO ZERO ZERO ZERO

L SK(L) 7,3239 ZERO 5,8377 ZERO 7,906 ZERO ZERO ZERO

TA(L) ZERO 7,1211 7,0592 2,0048 4,1094 7,0557 4,8241 1,1122

SELL ZERO ZERO ZERO ZERO ZERO ZERO ZERO ZERO

Gyro L CAT 2,8241 ZERO 6,8858 ZERO ZERO 6,0559 ZERO 6,3236

FRAC 3,4081 ZERO 1,5053 ZERO ZERO 5,417 7,5108 ZERO

GO 3,7516 ZERO 6,2241 ZERO ZERO 0,3833 7,2083 6,3236

JUNG 5,1848 ZERO 4,6465 2,5963 5,21 2,7309 5,0505 ZERO

MAQ 3,4669 ZERO 2,6941 ZERO ZERO ZERO 5,3851 1,3236

MAEr Accel R SK(R) 0 20,8707 7,4557 10,1427 6,5541 13,7866 10,1178 9,6627

TA(R) 21,138 6,1966 17,8534 15,162 15,4336 17,3978 28,9717 16,5631

L SK(L) 15,2541 16,1376 8,7988 28,4716 19,081 22,7405 33,309 29,5928

TA(L) 20,8204 11,7998 17,5282 2,0048 4,6107 10,1944 5,8115 1,1662

SELL 19,7675 37,4233 18,806 36,4787 24,2147 28,3031 32,2802 35,4552

Gyro L CAT 2,8552 29,0734 7,2385 24,4512 22,3052 32,6944 15,9933 32,9909

FRAC 3,6872 22,2213 1,7379 18,1519 16,126 6,6041 10,1817 26,9902

GO 6,455 21,2273 9,0333 18,8189 15,813 16,5367 12,3091 26,7968

JUNG 8,5697 18,199 4,7465 13,9564 11,9 16,525 6,6271 22,7658

MAQ 16,2356 19,3051 5,8117 17,4609 11,5275 33,1389 16,3997 22,6123

Table 38: Statistical measures MAE & MAEr calculated from the TOs detected

during SWS. MAE being the Mean Absolute Error of every event

within the +-8 sample margin, MAEr being the Mean Absolute Value

within a +-40 sample margin. The closer corresponding values are to

each other the more meaningful the MAE value is.
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TO SWS P1 P2 P4 P6 P7 P8 P10 P11

F1 Accel R SK(R) NC 0 0,6578 0,3729 0,867 0,0063 0,1254 0,0704

TA(R) 0 0 0 0 0 0 0 0

L SK(L) 0 0,0055 0,4 0 0,0086 0 0 0

TA(L) 0 0 0,0131 0,9898 0,8559 0,1635 0,7566 0,9789

SELL 0 0 0 0 0 0 0 0

Gyro L CAT 0,8555 0,9853 0,7708 0 0 0,0061 0 0,0071

FRAC 0,9795 0,9267 0,99 0 0 0,825 0,0396 0

GO 0,4071 0,4543 0,1933 0 0 0,0071 0,0855 0,0071

JUNG 0,4444 0,3062 0,9735 0,0338 0,0171 0,3342 0,682 0

MAQ 0,0885 0,0944 0,7907 0 0 0 0,0662 0,0071

Precision Accel R SK(R) NC 0 0,66 0,3793 0,8707 0,0063 0,1258 0,0719

TA(R) 0 0,9716 0 0 0 0 0 0

L SK(L) 0,0052 0 0,4054 0 0,0086 0 0 0

TA(L) 0 0,0282 0,013 0,9932 0,9048 0,1646 0,7566 0,9858

SELL 0 0 0 0 0 0 0 0

Gyro L CAT 0,9882 0 0,7785 0 0 0,006 0 0,0071

FRAC 0,924 0 1 0 0 0,825 0,0397 0

GO 0,4556 0 0,1959 0 0 0,0083 0,0855 0,0071

JUNG 0,2638 0 0,98 0,0338 0,0171 0,278 0,6797 0

MAQ 0,0947 0 0,7987 0 0 0 0,0667 0,0071

Recall Accel R SK(R) NC 0 0,6556 0,3667 0,8632 0,0062 0,125 0,069

TA(R) 0 0,9384 0 0 0 0 0 0

L SK(L) 0,0059 0 0,3947 0 0,0085 0 0 0

TA(L) 0 0,0274 0,0132 0,9865 0,812 0,1625 0,7566 0,972

SELL 0 0 0 0 0 0 0 0

Gyro L CAT 0,9824 0 0,7632 0 0 0,0063 0 0,007

FRAC 0,9294 0 0,9803 0 0 0,825 0,0395 0

GO 0,4529 0 0,1908 0 0 0,0063 0,0855 0,007

JUNG 0,3647 0 0,9671 0,0338 0,0171 0,4188 0,6842 0

MAQ 0,0941 0 0,7829 0 0 0 0,0658 0,007

Table 39: Statistical measures F1-score, recall & precision calculated from the

TOs detected during SWS (within the +-8 sample margin).

TO SWS P1 P2 P4 P6 P7 P8 P10 P11

FN Accel R SK(R) 146 52 95 16 160 133 135

TA(R) 170 9 151 150 117 161 152 145

L SK(L) 169 146 92 148 116 160 152 143

TA(L) 170 142 150 2 22 134 37 4

SELL 170 146 152 148 117 160 152 143

Gyro L CAT 3 146 36 148 117 159 152 142

FRAC 12 146 3 148 117 28 146 143

GO 93 146 123 148 117 159 139 142

JUNG 108 146 5 143 115 93 48 143

MAQ 154 146 33 148 117 160 142 142

Table 40: Amount of false negatives (event detected by insole but not by the

algorithm) calculated from the TOs detected during SWS (within the

+-8 sample margin).
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IC SWS P1 P2 P4 P6 P7 P8 P10 P11

# ICins − #IC Accel R SK(R) NC 3 1 2 -1 1 2 3

MANR 2 3 3 1 1 1 1 4

TA(R) -38 5 3 1 2 2 8 4

L SK(L) -25 2 2 -1 0 0 -71 3

MANL 1 3 3 1 1 1 2 3

TA(L) 5 -3 5 0 -3 1 8 2

SELL 1 3 3 -12 0 -1 2 -105

Gyro L CAT 0 3 2 -1 0 -8 2 4

FRAC 2 4 3 0 2 0 2 5

GO 1 3 4 0 1 40 1 4

JUNG -65 3 2 0 0 -81 0 4

MAQ 0 2 2 0 1 -1 1 4

Table 41: Amount of ICs detected by the algorithms subtracted from the amount

of ICs detected by the insoles during SWS

TO SWS P1 P2 P4 P6 P7 P8 P10 P11

# TOins − #TO Accel R SK(R) NC 3 1 5 1 2 1 6

TA(R) -5 5 -78 9 13 0 -1 5

L SK(L) -22 3 4 0 1 1 1 4

TA(L) -2 4 -2 1 12 2 0 2

SELL 1 5 24 12 5 -1 1 112

Gyro L CAT 1 3 3 0 1 -7 1 3

FRAC -1 3 3 0 2 0 1 3

GO 1 3 4 1 2 40 0 3

JUNG -65 2 2 0 0 -81 -1 3

MAQ 1 2 3 1 1 0 2 3

Table 42: Amount of TOs detected by the algorithms subtracted from the amount

of TOs detected by the insoles during SWS
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IC FWS P1 P2 P4 P6 P7 P8 P10 P11

MAE Accel R SK(R) 0,8535 5,2412 3,8471 4,8737 1,2976 5,0241 1,1303 3,4047

MANR 0 0 0 0 0 0 4,1495 3,2354

TA(R) 3,5793 2,7558 4,5698 5,8069 4,0514 4,3239 4,5991 0,8896

L SK(L) 2,9889 4,0457 2,0964 ZERO 6,9993 ZERO ZERO 4,5894

MANL 3,0926 0 0 1,7966 3,1279 6,2129 5,748 1,5031

TA(L) 1,0665 2,601 2,3997 ZERO 6,516 ZERO ZERO ZERO

SELL 2,7123 ZERO ZERO ZERO 1,7955 ZERO 7,9331 ZERO

Gyro L CAT 3,1689 3,2885 3,7609 ZERO ZERO ZERO ZERO ZERO

FRAC 7,1995 6,7595 5,0574 ZERO 7,3973 1,3772 ZERO ZERO

GO 3,3276 6,3796 2,1918 ZERO ZERO 1,4346 ZERO ZERO

JUNG 3,1789 ZERO 4,5693 ZERO ZERO ZERO ZERO ZERO

MAQ 6,2083 6,3957 2,1962 ZERO ZERO 1,746 6,2366 ZERO

MAEr Accel R SK(R) 0,911 5,8854 4,1564 4,8737 1,675 5,2661 1,1303 3,5588

MANR 0 22,7859 32,7618 13,1606 33,3255 19,8358 4,1495 3,3154

TA(R) 3,931 2,7558 4,615 6,0014 4,3903 4,5706 5,8431 1,2669

L SK(L) 3,0431 4,2381 2,0964 23,2695 8,389 16,534 25,2138 19,3769

MANL 3,0926 16,5907 32,7725 1,9919 3,1279 9,3716 9,1803 1,5031

TA(L) 1,2535 2,8261 2,3997 24,7232 10,423 17,1699 24,9083 21,4145

SELL 12,1989 8,3957 28,9369 34,0126 22,2623 22,2857 18,7333 26,3139

Gyro L CAT 3,3638 14,5759 3,7992 26,4565 16,6097 20,6527 19,3455 22,0359

FRAC 9,7821 7,2998 5,0574 14,6436 8,7684 1,6581 13,3703 16,0968

GO 4,4396 14,1931 2,2506 17,9171 15,2165 15,5107 14,4294 24,0011

JUNG 3,1789 13,5877 4,5693 27,7248 15,4494 20,0015 21,2172 21,7316

MAQ 7,5181 11,9833 2,1962 18,1184 14,0969 15,1758 14,4179 19,5663

Table 43: Statistical measures MAE & MAEr calculated from the ICs detected

during FWS. MAE being the Mean Absolute Error of every event

within the +-8 sample margin, MAEr being the Mean Absolute Value

within a +-40 sample margin. The closer corresponding values are to

each other the more meaningful the MAE value is.
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IC FWS P1 P2 P4 P6 P7 P8 P10 P11

F1 Accel R SK(R)(R) 0,9848 0,7984 0,9764 0,9919 0,9705 0,986 0,9956 0,9702

MANR 0,0076 0,0081 0,0079 0,0081 0,0085 0,007 0,9956 0,9787

TA(R) 0,8201 0,9528 0,9565 0,9194 0,9402 0,9718 0,5625 0,9532

L SK(L) 0,9738 0,9799 0,9688 0 0,5485 0 0 0,0085

MANL 0,9888 0,008 0,0078 0,9798 0,9872 0,3732 0,24 0,9914

TA(L) 0,8321 0,9457 0,9683 0 0,0928 0 0 0

SELL 0,015 0 0 0 0,0084 0 0,0089 0

Gyro L CAT 0,9813 0,008 0,9688 0 0 0 0 0

FRAC 0,1053 0,7258 0,9804 0 0,2308 0,9825 0 0

GO 0,8421 0,0891 0,9688 0 0 0,0087 0 0

JUNG 0,985 0 0,9844 0 0 0 0 0

MAQ 0,5448 0,008 0,9844 0 0 0,007 0,0088 0

Precision Accel R SK(R) 0,9924 0,8049 0,9764 0,9919 0,9664 0,993 1 0,9828

MANR 0,0076 0,0081 0,0079 0,0081 0,0085 0,007 1 0,9914

TA(R) 0,7862 0,938 0,9603 0,9194 0,9483 0,9857 0,5676 0,9655

L SK(L) 0,9848 0,9919 0,9841 0 0,5462 0 0 0,0085

MANL 1 0,0081 0,0079 0,9837 0,9915 0,3759 0,2411 1

TA(L) 0,8201 0,9242 1 0 0,0924 0 0 0

SELL 0,0153 0 0 0 0,0084 0 0,0089 0

Gyro L CAT 0,9924 0,0081 0,9841 0 0 0 0 0

FRAC 0,1069 0,7377 1 0 0,2328 0,9859 0 0

GO 0,855 0,0909 0,9841 0 0 0,0114 0 0

JUNG 1 0 1 0 0 0 0 0

MAQ 0,5489 0,0081 1 0 0 0,007 0,0088 0

Recall Accel R SK(R) 0,9774 0,792 0,9764 0,9919 0,9746 0,9792 0,9912 0,958

MANR 0,0075 0,008 0,0079 0,0081 0,0085 0,0069 0,9912 0,9664

TA(R) 0,8571 0,968 0,9528 0,9194 0,9322 0,9583 0,5575 0,9412

L SK(L) 0,963 0,9683 0,9538 0 0,5508 0 0 0,0085

MANL 0,9778 0,0079 0,0077 0,9758 0,9831 0,3706 0,2389 0,9829

TA(L) 0,8444 0,9683 0,9385 0 0,0932 0 0 0

SELL 0,0148 0 0 0 0,0085 0 0,0088 0

Gyro L CAT 0,9704 0,0079 0,9538 0 0 0 0 0

FRAC 0,1037 0,7143 0,9615 0 0,2288 0,979 0 0

GO 0,8296 0,0873 0,9538 0 0 0,007 0 0

JUNG 0,9704 0 0,9692 0 0 0 0 0

MAQ 0,5407 0,0079 0,9692 0 0 0,007 0,0088 0

Table 44: Statistical measures F1-score, recall & precision calculated from the

ICs detected during FWS (within the +-8 sample margin).
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IC FWS P1 P2 P4 P6 P7 P8 P10 P11

FN Accel R SK(R) 3 26 3 1 3 3 1 5

MANR 132 124 126 123 117 143 1 4

TA(R) 19 4 6 10 8 6 50 7

L SK(L) 5 4 6 124 53 143 113 116

MANL 3 125 129 3 2 90 86 2

TA(L) 21 4 8 124 107 143 113 117

SELL 133 126 130 124 117 143 112 117

Gyro L CAT 4 125 6 124 118 143 113 117

FRAC 121 36 5 124 91 3 113 117

GO 23 115 6 124 118 142 113 117

JUNG 4 126 4 124 118 143 113 117

MAQ 62 125 4 124 118 142 112 117

Table 45: Amount of false negatives (event detected by insole but not by the

algorithm) calculated from the ICs detected during FWS (within the

+-8 sample margin).

TO FWS P1 P2 P4 P6 P7 P8 P10 P11

MAE Accel R SK(R) 5,3384 7,4545 7,2725 6,1398 6,3624 ZERO 2,9351 0,5767

TA(R) ZERO 6,6323 3,5504 7,8364 6,0582 ZERO ZERO 5,9958

L SK(L) 1,9642 7,6186 5,1098 ZERO ZERO ZERO ZERO ZERO

TA(L) ZERO ZERO ZERO 5,5748 5,8454 3,049 5,0975 2,5197

SELL 2,8074 ZERO ZERO ZERO ZERO ZERO 6,8357 ZERO

Gyro L CAT 1,5019 ZERO 7,5906 ZERO ZERO ZERO 3,572 ZERO

FRAC 4,4832 ZERO 3,0525 ZERO ZERO 7,685 ZERO ZERO

GO 3,5235 ZERO 6,0792 ZERO ZERO ZERO ZERO ZERO

JUNG 7,0596 6,9574 3,1371 ZERO ZERO 5,3352 7,4664 ZERO

MAQ 5,1915 ZERO 2,7981 ZERO ZERO 6,2334 ZERO ZERO

MAEr Accel R SK(R) 5,4159 12,1154 7,8167 12,0424 6,4714 12,5825 2,9351 0,5767

TA(R) 18,9545 8,5718 9,812 11,078 13,6899 12,5866 19,4741 19,5699

L SK(L) 1,9642 8,9759 5,457 29,6501 15,0288 26,0032 30,9601 21,9677

TA(L) 23,9007 13,9165 17,8569 7,1495 6,7134 3,049 8,1921 2,5897

SELL 10,2006 19,1538 36,4255 21,7923 37,7062 33,2957 20,3366 18,7802

Gyro L CAT 1,5019 23,1343 8,7138 33,8003 25,5727 26,2728 35,4073 31,8224

FRAC 4,4832 16,5214 3,245 27,016 19,0075 14,3436 19,151 24,9731

GO 22,8858 16,8307 7,2492 26,3208 18,4336 35,6272 30,3226 24,4089

JUNG 10,3687 12,6622 3,6459 23,046 14,4257 16,5291 13,1076 18,9945

MAQ 7,9871 12,6227 2,7981 31,8862 13,8858 31,8752 26,7562 19,8327

Table 46: Statistical measures MAE & MAEr calculated from the TOs detected

during FWS. MAE being the Mean Absolute Error of every event

within the +-8 sample margin, MAEr being the Mean Absolute Value

within a +-40 sample margin. The closer corresponding values are to

each other the more meaningful the MAE value is.
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TO FWS P1 P2 P4 P6 P7 P8 P10 P11

F1 Accel R SK(R) 0,9734 0,1707 0,608 0,0405 0,9447 0 0,9911 0,9658

TA(R) 0 0,6532 0,6803 0,0162 0,0086 0 0 0,0085

L SK(L) 0,9848 0,1129 0,8661 0 0 0 0 0

TA(L) 0 0 0 0,6204 0,6979 0,9716 0,2946 0,9871

SELL 0,0081 0 0 0 0 0 0,2051 0

Gyro L CAT 0,985 0 0,189 0 0 0 0,0087 0

FRAC 0,9887 0 0,9804 0 0 0,007 0 0

GO 0,1894 0 0,3937 0 0 0 0 0

JUNG 0,1057 0,1129 0,9255 0 0 0,3243 0,009 0

MAQ 0,566 0 0,9843 0 0 0,0352 0 0

Precision Accel R SK(R) 0,9771 0,1721 0,6129 0,0407 0,9487 0 1 0,9826

TA(R) 0 0,6532 0,7034 0,0163 0,0087 0 0 0,0085

L SK(L) 1 0,1138 0,88 0 0 0 0 0

TA(L) 0 0 0 0,6281 0,7009 0,9786 0,2946 0,9914

SELL 0,0089 0 0 0 0 0 0,241 0

Gyro L CAT 0,9924 0 0,192 0 0 0 0,0084 0

FRAC 1 0 0,9921 0 0 0,007 0 0

GO 0,1923 0 0,4 0 0 0 0 0

JUNG 0,1069 0,1138 0,9365 0 0 0,2632 0,009 0

MAQ 0,5725 0 1 0 0 0,0352 0 0

Recall Accel R SK(R) 0,9697 0,1694 0,6032 0,0403 0,9407 0 0,9823 0,9496

TA(R) 0 0,6532 0,6587 0,0161 0,0085 0 0 0,0084

L SK(L) 0,9701 0,112 0,8527 0 0 0 0 0

TA(L) 0 0 0 0,6129 0,6949 0,9648 0,2946 0,9829

SELL 0,0075 0 0 0 0 0 0,1786 0

Gyro L CAT 0,9776 0 0,186 0 0 0 0,0089 0

FRAC 0,9776 0 0,969 0 0 0,007 0 0

GO 0,1866 0 0,3876 0 0 0 0 0

JUNG 0,1045 0,112 0,9147 0 0 0,4225 0,0089 0

MAQ 0,5597 0 0,969 0 0 0,0352 0 0

Table 47: Statistical measures F1-score, recall & precision calculated from the

TOs detected during FWS (within the +-8 sample margin).

TO FWS P1 P2 P4 P6 P7 P8 P10 P11

FN Accelerometer R SK(R) 4 103 50 119 7 143 2 6

TA(R) 132 43 43 122 117 143 113 118

L SK(L) 4 111 19 124 118 142 112 117

TA(L) 134 125 129 48 36 5 79 2

SELL 133 125 129 124 118 142 92 117

Gyro L CAT 3 125 105 124 118 142 111 117

FRAC 3 125 4 124 118 141 112 117

GO 109 125 79 124 118 142 112 117

JUNG 120 111 11 124 118 82 111 117

MAQ 59 125 4 124 118 137 112 117

Table 48: Amount of false negatives (event detected by insole but not by the

algorithm) calculated from the TOs detected during FWS (within the

+-8 sample margin).
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IC FWS P1 P2 P4 P6 P7 P8 P10 P11

# IC Accel R SK(R) 131 123 127 124 119 142 112 116

MANR 131 123 126 123 118 142 112 116

TA(R) 145 129 126 124 116 140 111 116

L SK(L) 132 123 126 124 119 142 113 117

MANL 132 123 127 123 117 141 112 115

TA(L) 139 132 122 124 119 140 115 119

SELL 131 122 126 150 119 142 112 116

Gyro L CAT 132 124 126 123 117 146 119 116

FRAC 131 122 125 122 116 142 111 115

GO 131 121 126 123 117 88 111 116

JUNG 131 123 126 124 118 228 111 116

MAQ 133 123 126 124 117 143 113 116

Insoles R 133 125 127 124 118 144 113 119

L 135 126 130 124 118 143 113 117

Table 49: Amount of ICs detected during FWS

TO FWS P1 P2 P4 P6 P7 P8 P10 P11

#TO Accel R SK(R) 131 122 124 123 117 141 111 115

TA(R) 130 124 118 123 115 143 115 117

L SK(L) 130 123 125 123 117 141 111 115

TA(L) 130 122 132 121 117 140 112 116

SELL 112 2 126 89 88 142 83 106

Gyro L CAT 132 124 125 123 116 146 119 116

FRAC 131 122 126 123 116 142 111 115

GO 130 121 125 122 116 87 110 115

JUNG 131 123 126 124 118 228 111 116

MAQ 131 121 125 122 116 142 112 115

Insoles R 132 124 126 124 118 143 113 119

L 134 125 129 124 118 142 112 117

Table 50: Amount of TOs detected during FWS
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