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Abstract

One of hemost hazardous and demanding tasks for older people is stair negotiation, often
resuling in falls. These falls lead to significant loss of mobility and independence.
addition, aftesstair falls, quality of life is affecteaften leading to serious complications

This stair falls cost National Health Service (NHS) approximately £2.3bn per year.

A laboratorybased motion capture system and force plates are curresdlg to
investigaé older people's fall risk factors while on the stairs to preverd fallilst
ascending or descending stalfwever,theseprocedures are costly needsa dedicated

motion laloratory, and usexpensive andumbersome equipment.

Laboratorybased measurements halpntify key fall risk factors that affect people in a
controlled environmentiowever, mplementingeffective prevention measures requires
regular monitoring of these factorsoveralgng r i od i n t he (homedr 6 s
where a fall is likely to occuiTherefore, there is an urgemted folow-cost device to
measurehese risk parameteirsa home environmemind provide accurate and repeatable

results to detect people who are all at risk.

This work aimed to detct the stair fall risk factors using wearable sensors incorporated in
shoes and machine learning algorithms to detect risk faotonprove the ability of older
adults tonegotiate different staircase environments safBfys aim had been achieved

through fourstudies

In the first studywearable sensswereincorporated into a standastioeto detect staiw
fall risk parametersThese parameters weldentified as stair fall risk parametersan

controlled laboratory environmenthe fall risk parameters were foot clearance and foot
i



contact lengthratio. A sensor insole was designed to detect foot contact length ratio (foot
overhang) using foresensitive resistorgwo distance sensors (VL6180X) wattached
to the shoe to detedbot clearance for ascending and descendma@ddition,BNOO055
IMU was fitted in the shoe to measure foot motkinematics suclas velocity and

acceleration.

In the second studyhe developed wearable sensor sivas testedn the laboratory for
validation against the current motisny s t e md& shioraechamcadtiakrfagtorsduring

stair negotiationFoot clearance was validated widim accuracy of 0.05mmand the
precision was between 4.79mo4.67mm Foot contact length ratio waslidated with

anaccuracy of2%, and the precision was betwetbd to-13.91%.

The developed sensor shoe was tested in the third studifferentexemplarhouses
staircaseso measure stair fall risk factors addition, acomparison was made between
lab and houses to measure stagotiation behaviour changebhe results showed a
significant difference in selected stair fall biomechanical factors amhernigree exemplar

houses and laivatory stairs

In the fourth studythe supervised machitearring algorithm was trained toassifyfall

risk using collected sensor data along with-sgforted fallsThesupportvector machine
algorithmwas trained talassifystair fall risk witha precison of 90.4% a sensitivity of
88.9% andan F-measure 090%. So, this trained algorithm can be used in the future to
predict stair fall risk at home environmeriased on data collectawrh the developed

sensors and instrumented shoes

Future research shouliclude morestairfall risk factors ad more people in redife stair

negotiation conditions (houses) to improve future stairitl prediction.
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Figure 4.10 Foot contact length ratio correlation results between the sensor and VICON
(Laboratory System). (a) step erfeoot contact length ratio correlation results, (b) step
two- Foot contact length ratio correlation resul{) step threeFoot contact length ratio
correlation results, (d) step fouFoot contact length ratio correlation results. Among the
four steps, step two showed a higher positive linear correlation between data from the

sensors and the VICON system paned to the other three steps...............ccooenn.. 87

Xiv


file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520596
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520596
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520596
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520596
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520596
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520597

Figure 4.11 Four steps combined foot contact length ratio correlation between sensors

and VICON (laboratory system) with high positive linear correlation................... 38

Figure 4.12 BlaneAltman plot of foot contact length ratio agreement betwine sensor
method and the VICON method in the Laboratory. TaxiX represents the average of
the sensor and vicon foot contact length ratieaXys represents the difference between
sensor and vicon foot contact length ratio. The indigo horizontel dienotes the mean
difference between sensor and VICON method which-2%s while upper red line
represents the upper limits of agreement (Mean difference+1SE5of difference) which
was10%, the lower red line represents the lower limits of agreemezan(Mifference

1.96 SD of difference) which wa&3.9%. Purple lines shows the confidence limits for
the upper and lower limits of agreement. The Orange small circle are data points, when
shown out of the confidence limits are called outliers, four aatlietotal (4 out of 100
datapoints). The Orange horizontal line shows the line of equality, it is possible to
determine if bias is significant or not. This equality line was not within the confidence

interval of the mean difference, so the bias is SNt ((2%0)..........cevviiiiiiiiiiiiniiinane. 90

Figure 4.13Cycle time correlation results between instrumented sensor shoe and Vicon,

moderate positive linear correlation...............ooeeeviiiieeeiii e 91

Figure 4.14Bland-Altman plot of cycle time between the sensor method and the VICON
method in the Laboratory. Theakis represents the average of the sensor and vicon cycle
time; Y-axis represents the difference between sensor and vicon cycle time. The indigo
horizortal line denotes the mean difference between the sensor and VICON method, which
was 0.22s, while upper red lines represent the upper limits of agreement (Mean
difference+1.96 SD of difference) which was 0.58s, the lower red line represents the

lower limits of agreement (Mean different®6 SD of difference) which wa$.15s.

XV


file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520600

Purple lines show the confidence limits for the upper and lower limits of agreement. There
are no outliers in the cycle time because no data point has gone out of the confidence
limit. The Orange horizontal line shows the line of equality, and it is possible to determine

if bias is significant or not. This equality line was not within the confidence interval of the

mean difference, so the bias is significant (0.22S8)..........ccccceeevviiieeeiiii e, 93
Figure 5.1 LIMU's Exemplar House, which contains three hauses................... 101
Figure 5.2 1920's and 1970's staircase design............cccccuvmmimmmnnniniiiiiiineineeeee 102
Figure 5.3 2010'S StaIrCase deSIgN.......uuuuuuuiiiiie e ceeeiiiieie e e e e e e e reeer e e e e aaes 103

Figure 5.4 Laboratory custom built instrumented sestp staircase structure....104

Figure 5.5 Interval plot for difference of mean in Cadence for thmesds, it displays
that ol der people were cautious wusing 20

staircase (1920 and 1970060s hous.e)...d4@ t he:

Figure 5.6 Confidence interval (Cl) for t
intervals for the (2010970, 20101920) these house pairs of means range does not

include zero, which indicates that the difference is statistically significant......... 108

Figure 5.7 Interval plot for the difference of means in step7 foot clearance for three
houses, it displays that in step7 older people have more clearance in hoidfs

compared to other houses foot clearance.............cccovvvvvieeee e 109

Figure 5.8 Confidence interval (Cl)y for
confidence intervals for the (19-4®20) house pairs of means range does not include

zero, which indicates that the difference is statistically significant.................... 109

XVi


file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520604
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520605
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520606
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520607
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520607
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520607
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520608
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520608
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520608
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520609
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520609
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520609
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520610
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520610
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520610

Figure 5.9 Interval plot for thelifference of mean in foot contact length ratio for three
houses, it displays that in step3 older people have more foot contact length ratio in 1970s

and1920s house compared to other houses foot contact length. ratio................ 111

Figure 5.10 Confidence interval (Cl) for
The confidence intervals for all three house pairs of means range do not iz€aje

which indicates that the difference is statistically significant for all three hause$11

Figure 6.1 Acceleration up data feime domain to frequency domain conversion, X is

frequency and y isS amplitude...........cccuuiiiiiiiiiee s 140

Figure 6.2 Stance time Swing time graphical representation, stance time was calculated
as the duration of the foot contact on the step, swing time was calculated as the duration

Of the fOOt Off the StEP......ceieeeee e eeen 142

Figure 6.3 Features selection using a Filter methodl @st), CDF means Cumulative
distribution function, p values smaller than 0.05 has more discrimination features between
fallers and norfallers, so those features were selected to create a machine learning

=1 [0 [ ] 11 o 0 OO PPPPPORRRRPR 147

Figure 6.4 Feature selection using the Gluare test, the features selected by predictor

rank has more discrimination features between fallers andfalders, so those features

were selected toreate a machine learning algorithm.................ooooiiiee s 149
Figure 6.5 Example for-BIN (Wikipedia)............couuviiiiiiiiiiieie e, 154
Figure 6.6 Selected three feature set for classification training......................... 155

XVii


file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520613
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520613

Figure 6.7 Area Under the Curve (AUC) results for best two classifiers using Full feature

set, cubic SVM algorithm produced 87% AUC and the Fine KNN produced 80% AUC

Figure 6.8 Confusion matriX for SVM..........ccoooiiiiii e 158

Figure 6.9 Area Under the Curve (AUC) results for best two classifiers usirggjobre
feature set, cubic SVM algorithm produced 93% AUC and the Boosted trees produced

0590 AUC . ... rne e 160

Figure 6.10 Area Under the Curve (AUC) results lbast two classifiers using-Fest
feature set, cubic SVM algorithm produced 94% AUC and the Ensemble Ada Boost

Produced 94% AUC ... ..ot ee et e e e e e e e e e e ————— 161

Figure 6.11 (A)Training (B)Validation (C)Trained algorithm for future testing...165

Figure A.1 Right Shoeb6s PCB..s.c.hhematfli9c de:

Figure A.2 Right Shoeébés PCB..boar.d.d®si gn

Figure A.3 Left Shoe's PCB board design from Eagtevare.................ccceevvnneee 180

Figure A. 4 Lef tesighiromreEage séftwaBe...b..a.a.r..d....d..180

Figure A.5 Inste's design from Eagle software..........cccceeeeviiiiicccciiiciiiiee e, 181
Figure A.6 User Interface designed using LABVIEW software................cccoueeee. 181
Figure A.7 COM ports and Trigger PrOCESS.....cccueeeeeeeiiiiiiiimme e e e e 182
Figure A.8 Trigger to start data collectionoim Vicon..............ccooviiiiiiieeer e, 182

Xviii


file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520619
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520619
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520619
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520621
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520621
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520621
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520622
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520622
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520622
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520624
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520625
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520626
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520627
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520628
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520630
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520631

Figure A.9 After receiving startiggger, start signal send to shoes PCB board.....183

Figure A.10 Trigger to stop data collection from VIiCOM..........cccvvviiiiiiieannennnnenn. 183
Figure A.11 After receiving stop trigger, start stop send to shoeslieGal............ 184
Figure A.12 Writing data in the S[3écure Digital) card...............oovviiiiiiiccennnnnns 184
Figure A.13 Error mes8)e geNEratiOn...........uuuuureriieiiiiiaaeririeeeeeereeeeeeeeeeeeesemameeens 185
Figure A.14 FSR testing witflaterial Testing Machine................cccccviiiieeeiiinnee. 185
Figure A.15Sensors used to develop Sensor Shoe.............oovvvvvieeee e, 187
Figure A.16 Berg Balance Scale..............oouviiiiiiiiiieecce e 188

XiX


file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520632
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520633
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520634
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520635
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520636
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520637
file:///C:/Users/ramst/Desktop/current_thesis/Final_thesis_submitted/2022MalarPhD.docx%23_Toc94520638

List of Tables

Table 2.1 Standard stair dimensions for private and public building.................. 14
Table 3.1 Stair fall risk parameter with the chosen sensor..............ccvvvieeeciinnneee. 28
Table 3.2 Distance Sensor Specification...........ccccceeeeevceeeiciiiiieeeeeeeeeeeeeeevvvieeen A2
Table 3.3 Detailed offset calculation for the distance Sensor..............ccvvveeeeveee. 45
Table 3.4 Ditance sensor offset and accuracy testing results............................. 46
Table 3.5 Relevant parameters of the interlink B8R .............ccco oo 50

Table 3.6 Higher force calculation(voutl) used to measure finm®@s30N to 100N..54

Table 3.7 Low force Vout2 calculation used to measure forces from 1N ta.30N.56

Table 3.8 Foot contact length calculation for Ascending..........cccccceveviieeeneennnnnn. 59

Table 3.9 Foot contaténgth calculation for Descending...............ciiiiceeevnnnnns 59

Table 4.1 Foot clearance correlation results between sensors and VICON........ 83

Table 4.2 Foot clearance Pearson correlation rbstiieen sensors and VICQN....84

Table 4.3 Foot contact | ength rat.i.o8s col

Table 4.4 Foot contact length ratio Pearson correlation............ccccovvveeeeeeeennee. 39

Table 4.5 Cyle time's Pearson correlation results between sensors and VICON method

XX



Table 5.1 Foot clearance Mean for all three houses (ascending)...................... 110

Table 5.2 Post hoc result for foot contact length (FCL) ratioefmh step in all three

NOUSES (ASCENAING)......eiiieeeieeeeiiei e e e e e e e e e e e enen s 112

Table 5.3 Difference between Laboratory and House ascend ANOVA results..114

Table 5.4 difference between fallers and4f@lfers in ascent..........ccooeveveiviiceen.. 115

Table 5.5 Difference between fallers and 4fialters in different environments during

= TS Y oL ] 1 T 116

Table 5.6 Post hoc result for foot contact length ratio for each step in all three houses

(o= {oT=] g o [T T ) F TP PTTPPPPPPPP 119

Table 5.7 Difference between Laboratory and House descend ANOVA results120

Table 5.8 Difference between fallers and 1falters in descending....................... 122

Table 5.9 Difference between fallers and 1fallers in diffeent environments in

(0 [2ETo =] o o {1 0o OO TPPPPPP 122
Table 6.1 Data collection location and trial details.............cccvvviieeece e, 136
Table 6.2 Extracted Features detallS.............oocvviiiiieenee i 138
Table 6.3Biomechanical features for fallers and Aaflers (Mean + SD)............... 143
Table 6.4 Personal Features for fallers andfatiars(Mean+SD)...................cc... 144
Table 6.5 Berg BalanCe reSUltS..........cooouviiii i 144
Table 6.6 Feaof Falling reSUILS.............uuiiiiiiiiiiii et 145



Table 6.7 Followup fall risSk reSUItS...........coovveveiiiiiice e 145

Table 6.8 Pvalue for selected FRATUIES. ..o 147

Table 6.9 Confusion matrix with advanced classification metrics (Maii®x.......151

Table 6.10 Full Feature set classification reSults............covvee s ecccee e, 156
Table 6.11 Classification results for the-slquare feature set..............ccccvvviiiieens 159
Table 6.12lassification results for-Fest feature Set......cooocvvvvieeviieeecee e 161

Table 6.13 Chbquare and Hest classification results in comparison, green colour
indicates that the firdbest results for that evaluation metrics, the red colour shows the

secondbest results for that evaluation MEtHCS.......oveveeeee e, 163

Table A.1 Six months follow up fall information.................ccoovirieeeii 188

XXii



BBS

NHS

ROM

IMU

PCB

12¢c

SD

FSR

Vout

Aol

MAE

RMSE

UK

FC

FCL

SD

LIMU

BRE

KNN

SVM

ROC

AUC

List of Abbreviations

Berg balance scale

National Health Service

Range of motion

Inertia Measurement Unit

Printed Circuit Board
Inter-Integrated Circuit

Secure Digital

Force Sensitive Resistor

Voltage output

Angle of Incidence
MeanAbsoluteError

Root MeanSquaredError

United Kingdom

Foot Clearance

Foot Contact Length

Mean

Standard Deviation

Liverpool John Moores University
Building Research Establishment
K-NearestNeighborsalgorithm
Support Vector Machine
Receiver Operating Char ¢

Area under the receiver operator characteristic curve

Xxiii



TP

FP

TN

FN

TPR

FPR

CDF

FFT

True postive

False Posive

True Negative

False Negative

True pos#tive Rate

FalsePositve Rate

Cumulative Distribution Function

Fast Fourier Transform

XXiV



CHAPTER 1: Generalntroduction



1.1 Stairfall Introduction

Falls can happen to anyone, but the most vulnerable aagepetople Eventhoughfalls
are commonthey can lead tanjuries and death if seriousApproximatelyl in 3 older
peopleaged 65 and ovend livesin the home environmemixperience at least one fall a
year(Lord, Ward et al. 1993)Not all falls cause serious injuriddowever,some falls
could lead tobone fracturesthat reduce confidenceWhen older people lose their
confidence, they become withdrawand dependent which has several serious
consequencg€umming, Salkeld et al. 20Q0)

The most hazardous and demanding tasks for @eepleare stair negotiation, often
resuling in falls, with 7-35% ofthesefalls occuring on stair¢Jacobs 2016 Compared
to level walking fewer falls occur on stairshowever thesestair falls arethe second
leading cause of accidental ded8tartzell, Owens et al. 2000)\Iso, stair falls cost
National Health Service (NHS) approximately £2.3bn per g&ge 2010)

Laboratorybased motion capture and force plates are curraséyg to investigate older
people's fall risk factors while on the stairs to preedall. Thes motion capture systems
analyse all body segments using highly accurate compated optical tracking
systems.Thesemotion capture systesrproduceaccurately quantified results fbody
movementsexaminedwithin the laboratory However, this procedures costy, needs
dedicated motiotaboratory spaceanduses cumbersome equipmémit might interfere

with the mwement

So, thereis a need forlow-cost device to measure fall risk factorgn the home
environment and provide ao@te and repeatable results to detect people who are all at

risk. Long-term monitoring of stair gait is also needed to analyse stair fall risk factors.

This thesis discussesstrumented sensor shoe system developrentninterrupted
monitoring of facors related to stair falls. This system includes an instrumented insole
andaninstrumented shgeontainingtwo distancesensors andnIMU sensor. The data

are sent wirelessly via Bluetooth and provide information about the particifadintisk
factors such as acceleration, velocity, foot clearance andctodtct lengthratio whilst

negotiating stairs



There were25 subjectgested usinghte instrumented sensdnae The results from the
sensorshoecompared to the motion analysis system (VICON) in a laboratory sdtting.
addition, he sensor shoe was afwsted in a actwal simulated home environment on
three differentexemplarhouses staircaseo check theinstrumented sensor shoe's
usability.

1.2 Thesisstatement

The aim is to desigrjevelop,calibrate, and use a wireless sensstrumentedshoe

system capable of determining paramelieked to stair fall risk. The sensor system was
designed to collect datanobtrusively and in any staircase olarg periods. Moreover,

it was designed not to interfere with gditrst, he sensoshoe wasalibrated andised

to collect dataandthenthese data weranalysed twbtaini nf or mat i on abou
gait. These results were then validated agatihstoptical tracking system (motion
analysis system availablethebiomechanic$aboratory. Finally, the analysed dataexe

used to classify high and low fall risksing standrd pattern recognition techniques.

1.3 Motivation

Falls are widespread and challenging for older adaftethird of older people aged 65
and above experience at least ¢alkevery year. These falls lead to significant loss of
mobility and independencg&his stair falls severely affect the quality of life, resulting
early death or secondary complications during hospitalization, usihelfollowing
surgery to repair a fracture. Even though older pesialie fall has detrimentaleffects,a
systenmthatcan be used to timely identify people at high risk is currently lacking.

Stair fallrisk assessment is currently achieved using labordtased equipment.
Unfortunately, several environmental differencesake it practically impossible to
accurately simulate an individual scenario in the laboyatdhese include e@logical
differences between housesjch as the shape of the staircase, dimensions of steps,

position and shape of handrails, dhd materialused to cover the steps and lighting.

Therefore, it is not feasible to systematically study and document what has caused the
fall. Laboratorybased measurements hdlgentify key fall risk factors (stair fall

parameters) that affect people in a controle/ironment. Implementingffective

3



prevention measures requires regular monitoring of these factors over a long period in the

userods environment, where a fal/l i s |Ii kel

Therefore, there is an urgent need to test these risk parametdremeenvironmentA
simple wearable system is neededeststair fall ina home environmeniThe recent
advances in wearable sensor technology enable pursue research with small and
inexpensive sensors. Therefoiig, this research projeca simple wealase sensor
instrumentedshoe system(sensors incorporated imactwal shoe)was developedo
investigate stair fall risk parameters in different home environm&his.sensor shoe
allowsthecollecton of a vast quantity oflatain thedifferent domestic staircasthatare
difficult to get through theuwrrent laboratory motion systems.

1.4 Aim and Objectives (Project Description)

The overall aimwas to detect fall risk using ssors and machine learning algorithms to
improveoldera d u hlility @ negotiate different staircase environments safélys

aim hal been achieved through four objectives:

1. Developing a wearable sensor shoe to detectfathiisk parametershat had been
identified as stair fall risk parameters in the controlled laboratory environment using

current motion analysis systems (VICON).

2. Testing the developeithstrumentedsensos shoein the laboratory for validation
against the current motion systemds (VI (

during stair negotiation.

3. Testing at differendtomestchouses 6 staircases wusing t|
collect large sets of biomechanical, behavioural, and environmental data as older

individuals navigate different staircases inaurl home environment

4. Developing a machine learning system to detdkttisk using collected sensor data

along with seHreported falls.

Theseobjectives of the project have been realised by conduftimgcorresponding
studies that are explained below.



1.4.1Study 1: Sensdbevelopnent

The wearable sensor shoe system for -gadlirrisk prediction hd been developed
especially for detecting relevant biomechanical parameters that présfimratorybased
research hdishown to be risk factors for falling. The parameters include:
1. Foot clearance
2. Footcontact lengthratio (foot overhang)
3. Temporal characteristics
1 Gait adence
1 Gait welocity
1 GaitAcceleration
The slip and trip are the two most common fall mechanismascending, the risk of
tripping is generally related to the distance between the forefoot and the stéidexige
Horn et al. 2016)which is called foot clearance. The risk of tripping increases when the
vertical distance of the foot to the edge of the step is reduced (Kesler et al., 2016). In
addition, as the variability in foot clearance increases, the risk of tripping incresases, a
this may indicate that a persoannotmaintain a saféoot trajectory(Hamel, Okita et al.
2005) The risk of slipping increasef the proportion of the foot in contact length with
the step is reduced. In addition, as the variability of the foot in contact length with the
step increases, the risk for slip increases, as this may indicate an inability to position the
foot consistetty and securely on the step.

In descending,imnilar to stair ascenthe risk for a trip is associated with foot clearance.
However, during descent, this is usually the horizontal clearance of the foot's heel with
the edge of the step\ccording to(Hamel, Okita et al. 2008his research, the riskf

falling from a staircasmcreases when foot clearance is decreased, and thbiltyriat

the foot clearance is increased. Similar to stair ascent, the risk of slipping increases during
descending, when the proportion of foot in contact with the step is red@ogd and
Wright 2005)

Cadence during stair ascent ranges between p6/sten (Livingston et al., 1991) and

104 steps/min and stair descent range between 96 steps and 110 steps/min. Thus,



increased cadence indicates a riskier strategy that could increase the chance for a trip and

slip (Zietz, Johannsen et al. 2011)

According to this research, gait velocity is another crucial risk f§BtioGiulio, Reeves

et al. 2020) Older adults with increased fall risk tend to walk slowklemmatpour,
Ferrero et al. 2019)CoM angular acceleration is anotheucial risk factor. Sudden
changes like a more significant peak and vaganaCoM angular acceleration cause the
risk of losing CoM while stepping down and leading to falliigmpler 1995) A fall
event carbe predicted by processing acceleration (fdeanmatpour, Ferreret al. 2019)
Even though CoMacceleration causes the fall, gait acceleration and velocity was
calculated due to sensor constrailffe decided not to use many sensors all over the body
because older people might not weéhemlonger Sowe decided to usehe sensor only
with shoesandtried to gather information from the sensor shoe data and prediatuhe

fall risk.

Therewasno literature availabléo combine all the above parameters to predict the risks
of stairs inolder adultsusing sensorsTherefore, three sensors were incorporated in the
shoe to calculate all the above parametardMU sensor, two distance sensors, and force
senss. The | MU sensor was used for moti on
part becausd ivas very small. The two distance sensors were used to find foot clearance
for ascending and descending gafimally, aforce-sensitive resistor was used to create

a sensor insole to find foobntact lengthatio (foot overhang)ndthis insole was fted

inside the shoe.

1.4.2Study2: Sensor Validation agairsstotion analysis system

Initially, the instrumentedshoewas tested on a custemade staircase located in the
biomechanicdaboratory Collected sensor shoe data were filtered and processed in
Matlab. In addition, &boratorybased motion data (VICON)was collected
simultaneouslythis datawasfiltered and processed MisuaBD. For comparison and
validation, stair fall risk parametesich as foot clearance, foobntact length ratio

acceleration, cadence, and velocity were derived from VICON and sensor data



1.4.3 Study3: Testingtair negotiatiorat three different exemplar houses

In this study large sets of biomechanical, behavaumand environmental dataere

collected ina realisticl i vi ng environment of 25 ol de
(Liverpool John Moores University) exemp
instrumentedshoeto assess whether our developed sesgstem could predict all
biomechanical fall risk parameters. Three differgppesof exemplar houses had been
built at LJMU. Each houseb6s staircase wa

di fferent erasd architect@wdo@&s. which wer

Factors such as foot clearance, degree of foot overhang on the step, speed of movement
and use of handrails have been collected
instrumentedshoe. Environmental parameters, such as step dimengmsitipn, and

shape of handrailsvere also recorded. Finally, fear of falling from previous experience
wasalso notedThis study could reveal the biomechanical response of older people to

different home stair negotiatien

1.4.4. Study4: DevelopingMachine learning algorithm toassifyfallers

The followupstareda f t er data col |l ecti on esinciderntes L J N
of stairfall by the participants and the conditions under which they have experienced fall
details were selfeported forsix months.The selfreported information (who had fallen

on stair$ and stair negotiation parameters (features) cigtefrom three different houses

were used to create a supervised machine learning algorithm to clagsiffall risk

people from those with low fall risk.he classification informationanreduce the stair

fall risk in the future.

1.5 Summary of contribidn

Theinstrumentedhoewith wearable sensswas used in a serie§ experimentso detect
the risk parameters for stair falhd bridgethe existing gap between ladatory-based
research and thenduses environment Therewere no previousstudies on wearable
sensos shoesto detect all the major biomechanical parameters to predict stair fath risk

older peoplaisingdifferentrealhouse staircases.



CHAPTER 2: Literature Review



2.1 Stair Fall Background

2.1.1. Staircase Terminology

The below staircase structure (Figure 2.1) describes the staircase terminologies.

U Tread: The horizontal surface of the stair is called Tread.

U Riser: The vertical surface of the stair is called Riser

U Nosing: The portion of the tread that overhangs the front of the riser is called
Nosing.

U Rise:The vertical dimension from tread to tread is calesk.

U Going: The horizomal dimension frontheriser totheriser is called Going.

Tread Nosin
T
N Pitch
Riser—» p{
i
R Rise

l— Going —|

Figure 2.1 Staircase Structure

2.1.2. What is stair falling?

A fall is defined as "an unexpected event in which the person comes to rest on the ground,
floor, or lowerlevel"( La mb, JRBr st a dTheSlipandirip aretheamMo most2 0 0 5
common fall mechanisms. A trip is a sudden arrest in the swinging leg while the body
continues its 1nitial motion trajectory
the base of supportausng a fall. A slip happes when there is not enough friction
between the person's foot and the walking surface, which causes the foot teslitieg

in a loss of balance and a subsequent fall.



There are more chances of a fall occurring during stair negotiatida the foot is on
the swing phaseDuring ths swing phase, the rear foot must pase nosing, at this
point, where the risk of tripping is higher. Tsigbsequerrisk occurs on stair asdamhen
the rear foot pushes off the lower tread. As$ thoint, if the slipresistance of the tread is

too small then there may be a risk of slippi(lgoys 2001)

2.1.3. Why doolder people fall othestairs?

Older people can fall due to the combination of the following reasons, interruption to their
normal gait, losindpalance and inability to correct their balancehdir centre of gravity

moves out of their base of support provided by their feet.

Because of the very different gast usedon stairs,is the reason for accidents differ
significantly from that of accidestresulting from falls on the level. While walking
peoplecontinuously changéheir posture between unstable then retrieving it back to
stableandthe centre of gravity moving aheadowever,peoplegetaneven less stable
gaiton stairs tlan walking on he level. Peoplebalancehenselves on one flexed leg as
the otherleg swings forward and to one side to take the next step. By comparison to
walking on the level, this is slewotion activity.The exaggerated gait, coupled with the
increased precision dendedmakes stairs suchtacky balancing act on a courseth

many potential obstacles represented by the steps.

2.1.4. Stair gaitanalysis

Stair gait analysis involvestudying lower limb movement patterns, identifyiegents
during stair gait, measuring latic, kinematic, and temporal parameters. Theggeaisists
of thestance and swing phased he stance phase involves weight acceptanceyuég
up and forward continuation.The swing phase involves foot clearance and ¢ootact
length Stair gait analysis isery useful forassessing and improvirgjair negotiation
safety.During stair negotiation, gait analysis can identify older people with a stair fall

risk and helpmprove balance and reduce stair injuries.

Individuals walking up and downstaiewe summarised in the following, which is
different from walking on a level surface. When they ascend stairs, the leading foot is

placed approximately horizontal on the approaghstep. The heel usually would be
10



placed onto the tread, while the ball of the foot is placed further ahead on the tread. Next
is the stance phase, in which the rear foot commences its ascent, rising onto the tiptoe to
aid in elevating the entire body upwds and forwards. The rear foot generates a strong
force that allowsthe opposite leg muscles to flatten and straighten out, effortlessly
elevating the bodjurther upwards. Following this is the swing phase. The rearmost leg
moves past the leading foot®@ r t wo n-stepieadggs) onting abovestep, and

the cycle repeats.

Accidents tend to be more sevevhile in descent, where, during the swing phase, the
leading foot travels over the two nosings (of the tread that the rear foot is currentty on a
the tread that the leading foot was on) halts above the tread below. Next is the stance
phasewhere thaear foot's metatarsal heads brace the eintidyweight's entiretgs the

heel of the rear foot starts to rise. Simultaneously, the rear leg bends at the hip and knee
meaning that the individual using the stairs has now transferred their weight to the
forward foot and commences a controlldl forward and downwardsTo absorb the
impact of thefall, the toes of the foot are pointed down towards the lower tread, with the
angle of the same foot increasing towards a vertical position as the escalation increases.
Next, the shock of the impact is softened by the ball ofdo¢ and, lastly, the heel when

the foot is lowered onto the tread. The swing phase then begins with the leadjng foot
which was the rear foot, after the weight is transferred onto the forward foot, and the cycle

repeats.

Themost significant differencdsetween te mannemwalkingon the staiand walking on

a level surface are that the transfer of weight vertically requires a controlled fall in descent
or extra effort for ascendin@nd that individual step taken on stairs initiates on the toes
and ball & the foot, rather than the heel

2.1.5. Whatare the hazards associated with stair negotiation?

Accidents tend to be lessverevhen ascendinflfempler 1995pecauseiteo | der adul
centre of gravity is slightly forwardhs a result, rast falls aregelativdy insignificant and

are towards the higher steps. When considering the gait, the most substantial risks are
during the swing phase, as there is an increased risk of tripping when the rear foot travels

over two nosings; this risk is predominantly heighterighere is a sizable variation in

11



t he us er 6 swithithe flightrot stailfRoysi2§01) There is an additional hazard
situation during ascent when the upasheff the lower tread with the rear foot. There
is a risk of the foot sliping at this point if the slipesistance of the tread is low. There is
al so a possibility that the user wil/ co

will under-step, completely missing or sliding off the top edge of the step.

In contrast tdhis, accidents tend to result in more severe injuries when descegieig

that a fall in this position could end in tbider adultshitting any number of stairsnd

route, descending the full flight by falling or tumbling down, potentially resultirfgtal
injuries. Consequently, head injuries and broken boneswvatespreadin accidents
concerning the descending stepsparedo ascending them. Theiseno major problem

with the descent if théreads' going (area of space for foot contact lengtistep)is
greater in size than tha@der adultéshod foot. However, the problems are exaggerated

as the goings decrease in size since this means that one of two possible outcomes have
the opportunity to occuflder adultswill either allow the toes of their feet to hang over

the edge of the tread or begin to ttheir feet outwardsso that each foot is placed at an
acute angle to the walking lirighe direction of travel)Older adultsmay beat risk of
catching their heel on the nosing or the riser of the step above if they do not initiate one
of these compensary measures as they may not be able to place their foot flat and
securely on the tread\s a result, twer adultsmay fall forward down the stairs due to

either of these situations.

There is a high risk of sliding off the stepltier adultsallow theirtoes to hang off of the

edge, bearing the angle of their foot in mind as it hits the lower tread and the fact that they
are in a controlled fallAs a result, wer adultswill either fall forwards or backwards,
dependhg on the relation between theirfra f oot and t he ol der a
position and whether any reactionasgving measures, such as grabbing the handrail, are
made Although they may be very painful, there is a relatively low risk of causing severe
injuries when slipping dowa flight of stairs or falling backwards (in descehrtpwever,
asmentionedabove, more sereinjuries are likely to result from falling forwards

descent)
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2.1.6. UK Stair fall history

There are approximately 6000 deaths annually as an outcome of a home accident,
showing that falls represent a significant health problem in the United Kingitom.
addition, hese deaths amdten associated with perturbation duriegerydayactivities

suchas ambulation, stair ascent, or stair des@€htS 2018)

Falls can happen to anyone, but the most vulnerable are older,,pa@plehough falls

are common when overlooked, which causes injuries. Approximately 1 in 3 older people
aged 65 and over, lives in the home environment will experience at least one fall a year
(NHS 2018) Not all falls cause serious injuries. But some of the falls could lead to broken
bones, which will reduce the person's confidence. When older people lose their
confidence, they will become withdravanddependen{NHS 2018)

60Royal Soci ety f or t hdofgll asehengost typicalaccident, a c c
more common in women than men. It is also reported that more people over 65 years die

at home because tife accident than outsid@\pplebey 2016)

In 2015, about 787 deaths were reported due taddlom stairs in England and Wales.
This figure had increased by 20.5% from 2qApplebey 2016) The most common
accident in old age is falling from stairscasteps. Thigall accounts for approximately
60% ofthe geriatric population's deathEhe most typicaldeath mode amongst these is
falling from steps and stairf@Applebey 2016) There ardfive times greater stair fall
accidents in 75 yearand older populations, and about 100 thousand eldertyeated

for stairsrelated fals each yeafApplebey 2016)

Besideslittle research has investigatdte contributing factors to imbalance during stair
negotiation, which lead® stair falk. This project ains to identify older adults who are
most vulnerable téalling but have not yet experienced a fall. Identifying fall riskital
sincetailored eercise programs or actilgsand changes in the living environment may

helpprevent falls on stairs dpplied when a person at risk is identified

2.1.7. Causes and Ridlactors ofstair falls

Often, Omul t i frepertedoas Gomribuingdaatarsi@tasr falhavent. We

can divide theisk factorsinto the following categories.
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U Environmental factors
U Personal factors

U Behaviourafactors

Environmental factors:

In daily life situations, people will encounter a widinge of staircases witvarious
dimensions, which will have a different influence on the risk of falling. Dimensions of
the steps of the stairs can amplify the risk of fallifge dair dimensionis described

using three terms: rise, going, and pitEig(re2.1).

The staircase dimensions asgsentiafactors in the stair fall evef8cott, Menz et al.
2007) The stairway going is also very importafhteadrisers are also atal part. If the
risers are huge, older people may fatigue immediately and arelikedyeto trip. When
risers are very small or shallosider adultamay be tempted to take more than one step
at a time, which leads to more chancesadstepping The steepness or pitch of a stair

may influence the likelihood of a fall. Tread risers @s® an important aspect.

Building regulations permit a private staircase to be made up of individual steps with each
rise between 16220 mm and a going length between 38 mm and a maximum
incline of 41.5°. Similarly, the public staircagcott, Menz et al. 20079 be made up of
individual steps with each rise between I8® mm and a going length between -35D

mm and a maximum incline of 38°. These ranges permit a dmnakile variation in

staircase desigfTable21).

Table2.1 Standard stair dimensions for private and public building

Stair category Risgmm) Goingimm)

Min Max Min Max
Private 100 220 225 350
Public 100 190 250 350

When the rise is less than 100mm, it is associated with more Algas.220mm is the

maximumchance for people to negotiate their steps (Institution 1985) safely
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The staircase structure can magnify the demands placed on thduadi¥or example,

steep staircases create larger loading forces at foot contact and cause a more significant
redistribution of forces at the joints than less steep staircases. It is also known that
transition steps from the level onto the stairs or ftbestairs onto the level are more

demanding than the continuous stepbatweenRoys 2001)

More precisely, staircases with an inadequate step tread to safely place the foot can
restrict movement and threaten safety. Additionally, a stair with a higher riser is more
challenging for older adults who, for example, have higher muscle weaknesshétama

found that older adults can safely negotiate stairs with a lower stegBetucco and

Cesari 2009rompared to younger adults. Even for standard step risers, older subjects
operate closer to their maximum capacities of joint range of m{feaves, Spargad

et al. 2008, Samuel, Rowe et al. 2Q1thus increasing their risk for a fall. Risky
techniques employed by older people during stair negotiation can also increase the risk
of falling. Older people might change their techniques over ti@eause otheir
functional impairments or fear of fallin@ietz, Johannsen et al. 201For example,

older people may & a large foot overhang on landing when stair imglland higher
variability in foot clearancéHamel, Okita et al. 2005both d which increase the risk

for a slip or trip on the stairs.

Navigating through the stairs with caution is crudala fall, particularly the top and

bottom three steps on a fligl8tudies have demonstrat@@ny stairway accidents occur

on these top doottom stairgTempler, Archea et al. 1985)t these locationgheolder

adultmay be looking around for the next part of the journey or the route to be takenh at 6 s
why older adultattention may not be entirely focussed on the staiifaynpler 1995)

Carpets or flooring with dazzling patterns may also disguise the edge of stair treads and

cause a misplaced foot.

The steepness or pitch of a stair may influence the likelihood of a fall. British Standards
contrd the angle of steepness. However, in private buildings, the pitch may often exceed
the maximum of 41.5 degrees. Thisreased pitcloontributes to an increased possibility

of accidents. Accidents are nearly twice as likely on stairs consisting of sseagh with

no immediate landingand thestairs' pitchis more than 42Applebey 2016)In addition,
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the Colchester council reported that the lack of any handrail doubles the likelihood of a
fall.

Stairway type is another factor that contritzute falls. This researct{Templer 1995)
found that straight flights of stairs without landings accounted for 52% of all accidents.
This straightmight be the case because the path of straight flights is often clear and
uninterrupted so older adultsare reassured into a false sense of secanty reduced
attention. However, sraight flights may also result in more severe injuries because there

is no placevhere the fall may be broken on the stairway

Personal Factors

Stair users' characteristics may often contribute to stairway falls. Thampartant

factor of stairway fall is age; older people are more prone to stairway fall. Vision
impairment and balance problems associated with ageing are the main reasons for the
high prevalence of stafall injuries in old age. The decreasing visual amlance
perception from feet and joints makes it difficult foredédultgo judge the stairs' edges

well. In addition, he above mentioned agelated personal declirahallengs the older

adults to makeheir judgments towards thevsging limb's foa clearancgCavanagh,
Mulfinger et al. 1997)To potentially make matters worse, bone density also diminishes

with age so the injuries sustained may be more serious.

With increasing age, bothdhealth and agility of the human body deteriorates, resulting

in an increased risk of falling among older peopléth ageing, aradultexperiencs a

loss in muscle mass, strength, and power, accompanied by a reduced range of motion in
the lower limb joints. Reduced muscle mass and slower nerve conduction velocity lead
to inadequate and delayed muscle contraction and force production within a reduced
range of motion. These changes adversely
threat to balance when quick reactive and appropriate muscle activation is necessary. In
addition to muscle strengthn appropriateange of motion in the lower lggints are

essentiafor safe walking and stair negotiation.

This study (Pauls 1985)eported that approximately 85% of deaths resulting from stair
accidents occur in people over 65. With the increasunghberof older people in the

population,stair accidats arealso likely to increase. Another study on failshomes
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(Applebey 2016) showed that individuals over 75 are thirteen times more likely to get
injured thanchildren aged ®. According to the US National Safety Council statistics
84% of the peoplerho died after a fall are over §Roys 2001)Mainly, stairway injuries
among the elderly (in this case, over 65) are more likely to result in hospitalization.

Familiarity with the house and stairs is often helpful; howees,can become assue

in some circumstanceBor example, when poor housekeeping is maintained or transient
changes to the house environment, the individual can face unexpected changes to their
familiarity; these changes could make the older peaghll sufferer. Othermportant
characteristics can h#zziness and fainting or muscle strength weaknesses in the knee
and ankle joint muscles, increasistgir-fall incidents(Nagata 1991)

Behaviourafactors

Certainbehavioursnay influence the likelihood of experiencing a stairwdly @arrying
itemsarecommonly linked with falls on the stairsccording to(Nagata 1991 )arrying

objects on stairs leads to 24% of stairway fallsaldodecreases the chance of recovering

from a loss of balance since the hands are not free to grab onto a handrail. Stairway users'
whole-body balance may alter while carrying objectsstairs; this balancalteration

leads to a fall.

Fear of falling

Fear of falling is one of therucial factors associated with falin particularly older
individuals It varies from 22%Wijlhuizen, de Jong et al. 2001 63%(Dias, Freire et

al. 2011)by reviewing the literature. Bnfear offalling i mi t s peopl eds ou
(Wijlhuizen, de Jong et al. 2007, Dias, Freire et al. 20t tyeates a vicious problem as

they do not go outdopreduced physical activity may result in reduced muscle strength
whichincreagsthe chance of actual fall and fg&Yijlhuizen, de Jong et al. 20Q7his

fear of falling may also change their walking patter some older adult&\lso, the older

adult withafear of falling may use devices like handrails to increase their balance, this is

more common if they haalfall already(Murphy and Isaacs 1982)
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2.2 Current Solutions to acquire stdiall risk factors

Themoation capture systeifphotoelectronic systems for Motion Analysas)d force plee

are used to analyse older people's gait while on the stairs to prevent stair fall

2.2.1. Laboratorybased approach

Motion capture system uses infrared camégMihalchuk 2017)to recordpeople's
movementdn three dimensiondn addition, motion capture systemssea marker or
optical systems. Markers are commonly small gk attachments the size of a marble
or reflective circle.These markers are placed on the body with specific guidelines for
better quality dataAnatomical landmarks are selected for their reliability in detangin

joint motion.

The most common motion capture systems are Vicon, Motion AnaBysis]rack NDI,

DARI Motion, Phoenix Technologies, Inc., and Xsens. The most used motion capture
systems in biomechanics are VICON a@ptoTrack Both VICON and OptoTrack
systems are optical tracking systems that tthokedimensional movement trajectories

of reflective markers with up to 1mm accuracy. Force platforms represent the gold
standard method for determining gait eveiitse force platform appears as one of the
most common tools to provide information on three orthogonal forces and moments

exerted by thébuman body.

Motion capture helpsonnect other data sets like force platforms, whillpsunderstand
joint angle and body motions frodifferent perspectivesiowever, apturing fultbody

motion requires a controllddboratoryto allow robust data collection.

Althoughthe Motion capture system is consideeed igol d st andard sys¢
cumbersome equipment and tight clothes for marker placement which may cause
participants to alter their gait addition, he cost oimost motion capture systems is not

cheap, and it requires a fully equipdadoratoryon average.

2.2.2. Motion captureanalysis forstair fall risk detection

Motion capture systems are used for matajrsrelated projects; each research focuses
on different sir falls factorsmentioned above. For example, these stu@l@setti,
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Doucette et al. 1995, Hamel and Cavanagh 2080#4)pared stair gait between younger

and older adultsshowingthat older adults do slower ascend and descend with stairs.
Older people alsshow greater stancdouble the support timeand reduced vertical
forceswhen acceptingheir weight and pusbff. In addition, he fear of falling factor has
beenexamined irthis researctfTiedemann, Sherrington et al. 200Fheir findings show

that older adus who have a fear of falling take cautious strategigsh asvelocity
decreases, toe clearance increases, stable centre of mass or centre of pressure
displacements. The previous evidence shows that older adults are at greater risk for falls

on stairs bemuse of their less stability when negotiating stairs.

FurthermoreSlip and trip are the twost importantmechanisms for a stair fallhe
possibility of a trip is associated with foot clearaneéiich has been widely studied
(Tinetti, Doucette et al. 1995, Arens, Freudenthaler et al. 19885 motion capture
systems Their findings show that older people have a range of highly inconstant
variable minimum foot clearand@&inetti, Doucette et al. 1995, Arens, Freudenthaler et
al. 1999)and low foot clearanc&ietz and Hollands 2009The minimumvertical foot
clearance was calculated as the minimum overall distance between the stair edge and the
toe(ascending) or heel(descendidgying the swing phag&imoneau, Cavanagh et al.
1991) Also, the possibility of the trip increases when the foot clearance variability
increases, showing a person'ahitity to maintain a safe foot trajectory on the stairs
(Roys 2001)

The distance between the stair edge and the to#gesapibeshefoot overhangindicating
whether only a part of or the whole foot is placed on the stBivspossibilityof aslip is
associateavith the frictional forces between tipercentagef foot contact lengtland the
step(Roys and Wright 2005High frictional forces increase the charoea slip of the
stepin ascent during pusbff and descent during the loading phasleo, the riskof slip
increases when the foot contdemngthis reduced for example,a large part of the foot
ovethang over the step edgeéMoreover the risk for a $p is increased when the
variability in thefoot contact lengtland required frictional forces increaskslicatingan

inability to place the foot safely on the step consistently
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2.3 Wearable sensors tdetectstair fall risk parameters

The motion capture systems require the maintenance of a high technology motion
laboratory and cumbersome equipment needs to be attached to the participant that need
to visit the laboratory. However, this higlest method produces quantified and accurate
resultswhentesting in thdaboratory Motion capture systentsave been used in many
stair fall studiesand found stair fall risk parameters and caugest clearancefoot
contact lengthfoot clearance variability, foot contact length variabilégcderation,and
velocity. However, notion capture results atmeir own arenot a good solution, so we

need to test at the home environment and more often and longitudinally.

So, there is a need for a lesw@st device that detects falls, which can provide tjaive

and repeatable results over extended periodeatderaduld s h ome e Alsoj r onm
there is a need for monitoring participarétair gait over long period$herefore, rore

research focuses on sensor technology with high demand for inaspdal risk
detection Many sensor technologies are available for motion analysis, namely
accelerometers, gyroscopes, footswitches, load ,celt&l forcesensing resistors,

facilitating the general gait parameters' accurate acquisition

However, no staigait analysis systeralready exigt using wearable sensorBherefore,
this project's motivationis to design and develop a lesest, reliable, and portable
instrumented sensor shoapableof predicting stair fall riskparametersinstrumented
shoe systerhelpsperform the stair gait analysis in a less expensive andraditional
motionlaboratoryenvironmentin addition, italsohelpsto collect a vast quantity of lorg
term data from various environments, and soame not possilyl obtained in a

conventional gait analyslaboratorysystem.

2.3.1. Theavailable sensor solution for stétls parameters

Foot clearance parameters

The $oeintegrated direct foot clearance measurement system is the most unexplored
topic in stair gait analysiand biomechanics researéim accelerometesensoihas been
used to calculate foot clearance in level walkiHgwever, acelerometer data gives

unreliable results because of drifts and er(drasinian and Najafi 2004, Lai, Begg et al.
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2008) Sensingminimum foot clearance (MFC) using only accelerometer measurement
on uneven, bumpy surfaces during stair descemr ascehis problematic It does not
directly measure foot clearance but instead calculates it using acceleration data, so it is
unreliabk.

MIT Media Laboratory has developed an electric field sensing technique ang grave

this technique canalculate foot clearance on level walkibg a mb, JBr st ad S
2005) The drawback of this systemtisatit can only measure up to 5diwahab 2009)

An ultrasonic sensor has been useclculate foot clearandglamel and Cavanagh

2004) this system's probim is that the ultrasonic sensor is too big to fit in the shoe, which
might affect participantsvalking. The studies mentioned abovecus on level walking

foot clearance, so we need to fiadimple low-costsensor to detect foot clearance on

the stairs.

Foot overhang parameters

There is no sensor shoe available to calculate foot overhanging on the stairs; some force
sensorshased insoles exits are used to calculate foot distribution while level walking.
Force distribution measurements allewaminingforce changes under localizezhions

andextractingthefoot's orientation and positidiip and Prieto, 1996]

The inshoe dewes display more advantages when comparedtivitforce platform or
floor-mounted system®articipantscan wear the #shoe devicavhile walking in their
normal gait. The irshoe device can monitor multiple steps while the force platform
cannot.Because of wireless communication developmenshime devices can also be
used in laboratory, clinic, and outdoor environmentssin-shoealso extends the usabl
locations fomlder people or patients at ridp-to-date research to obtain the acceleration
and orientation velocity of joints using gyroscopes and accelerometers has been carried
out. The commercially available ishoe measurement systems ai®cansystems and
Pedar systems, but theye applicatiororiented devices, and these systemscastly.
Oneexample instrumented system wieveloped byGrandez, Bustamante et al. 2009)
and his colleagues based on tiny electronic circuits that collect and transmit data from
force-sensing resistoré\ separate sensor and load céiésre been used to measure and
sense force and torgughis is not only lowcost but alsappropriately designed obtain
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forcesaccuratly and reliably Unfortunately, heload cell problems too heavy and can

hardly fit in the shoes.

A multimodal approachwas used inthe insole motion measuremestystem This
instrumented insole system consists of an array of feeosing resistors (FSRs), a dual

axis gyroscope, and a-@ikis acceleromet. This combination of sensors allows for the
plantar pressure measurement and detects the necessary motion patterns for further
analysis in the fields of fall risk detection and physical activity measure(agos,
Oberzaucher et al. 2010)

Also, many other instrumented insole design®re createdvith several sensor®
measure di#frent kinematics and kinetics forces based on their research or study
requirementsFor examplewireless gait analysis system by digital textile senfasg,

Chou et al. 209), wireless modular sensor architecture and its application-gihoa gait
analysis(Benbasat, Morris et al. 20Q3tompact modular wireless sensor platform
(Benbasat and Paradiso 200&nd the list goes on.

However, all these customs made or instrumented sensors did not focus fatl stskr
parameters like footontact length (foot overhanghd other parametershis project
aimsto create a custommade insole that can find foot overhangargiother parameters

to identify stair fall risk in aypical living environment.

2.4 \WearableSensorShoe Solution

Stair falls are the main reasfor theinjury, and the loss ahdependence for older people
and stair fall increases the NHS's demagdir fall risk parameters have been identified
using extensive study on stairs in the laboratétgwever laboratorybasedfall risk
parameters require expensiveumbersome mateadi Also, using laboratorybased
equipments not able to test at real hous@&bereforethere is a need to identify stair fall
risk parameters using a simple wearable solution tehiigap betweenhe laboratory
and realtime houses Wearable sensorokitions have been studied extensively for
different purposg Still, none of the wearable solutidhas attempted to detect stair fall
risk parameters older people at different real house stairsaBesidesthe older adults
who tested in thetaircases mustebfollowed up for an extended period to find older

adults at risk of falling at stair3he follow-up for a period helps to document falls on
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stairsthatoccur after testing in the laboratoowever,no prospective studpcused on
stairfalls using wearable sensofster testing, obtaining future fall information would
helpidentify the biomechanical staiall risk factors thaseparatestair fallers from non
fallers.Machine learning algorithms help to improwe classification accuracy of stair
fallers from norfallers. However,there is nanachine learningtudy availabldor older

aduls’ stair fall risk data collected in different real housesfathaw-ups.

So,this project's motivationvasto design and develop a low cost, reliable, and portable
instrumented sensor shoe system to detect stair fall risk factorstyipical living
environmentAfter testing, older adultseeded to be followed up for a period tewdment

fall history, which occurs postesting.We reed to developmachinelearning algorithm

to predict stair fall risk in the futur&he instrumented sensor shoe was developed to
achieve our aimdescribed in chapter Ihe deigred sensor showas testedn the
laboratory and stair fall risk parameters werealidated againstthe Vicon system
describedn chapter4. Developed instrumented sensor shoe was tested at different houses
staircaseand the results were compared in chapt@rfhachinelearning algorithm was

used to classify fallers and ndallers in chapter6. Chaptegkplains the summary of

findings and future recommendatgto improve stair safety.
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CHAPTER 3: Sensor Shoe Development
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3.1Introduction

This chaptefocused on designingn instrumented sensor shoe vétiinsole to measure

stair fall risk parametersSeveral main aspects are needed to develop an instrumented
insoleto obtain the mogtracticd design. The main aspects weresa& selection, sensor
positions, power supply, signal conditioning, data logging, data transmission, data
storage, and data analysis. To cover all those aspects, this chapter is divided into four
sections, which are sensor selection, instrumented sdms®iraplementation methods,

discussion about sensors specifications and results.

3.2 Sensoiselection

The first step in designing instrumented sensor shoes was seleh&ngppropriate
sensors to createnanstrumented sensor shoe system capable of sensiindask risk
parametersChapter 2 Literature review identified some of the significant stair fall risk
parametershroughotherstair fall studies and research articles. Those parametees
foot clearance, footontact length cadence, stance timewisg time linear gait

accelerationgait velocity, angular velocity, and foot angleitgh).

3.2.1. Footclearance

Currently, foot clearance measurements are beéargeusingthe electric field sensing
techniquéMorris 2004, Bamberg, Benbasat et al. 2008)level walking However,it

can only measure up to 5cm, and it requires a minimum of 5 layers of electrodes and
insulators, vich increases the total thickness of the insole. The other method is based on
theultrasonic sensor technique (Bakar, Wahab et al. 2013), which is also widely used in
level walking; this sensor systemlagerin size,soit is notideal for stair climbing

research

The VL6180X distance sensor wsslected to measure foot cleararités sensor was
chosen due to its size, measurement raage accuracy. This VL61803ensoicontains

a distance sensor and a light sen$aro distance sensors veeimplemented to measure

foot clearance. Twdistancesensorsvere placed at the bagknderneath theh®e's sole)

under the toes and the heel. The front sensor was used to calculate ascending vertical foot

clearance, and the rear sensor was tmedesending vertical foot clearance.
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3.2.2. Footcontact lengthstance time, swing time and cadence

Force Sensitive Resistors (FSR) were selected and placed underneath the foot to measure
foot contact lengthAn FSR is a sensor whose electrical resistance decreases as the
applied load increasedp to &n FSRs were placed undernetuifoot fromthe heelto

toeto calculate footontact lengtlduring foot landingn stair climbing.Further analys

of the FR sensor results helps determine foot stance time, swingaimdesadence

Other force sensors or pressure sensors likegiiam printed arrayef F SRs, Tek s c &
F-Scan system were considergapviding extensive information about the pressure
distribution underneath the footHowever t he hi gher mar ket pr

proprietary systers notacosteffective choice for this research.

3.2.3. Linear acceleratioryelocity, Angular velocity, and Foot angle (Pitch)

An Inertial Measurement Unit (IMWgensomwas choseffor this purpose and wadaced

at the back of the shae the middle IMU sensor contains three orthogonal gyroscopes
and three orthogonal accelerometers, which can meamougelar velocity and linear
acceleration in a thregimensional spaceAn IMU sensor is placed in a typical
configurationto cover three different spatial axéske any sensor, accelerometers and
gyroscopes are also proteameasurement errors. The data measured by an accelerometer
is often obscured by noisand agyroscopemust cope with drift over timddowever,

since bothsensors capturan object's movement dathese errorare compensatetyy
combiningaccelerometer and gysoopedata By doing this way, the relative heading and
speed of an object can be estimated in a process called sensorlfusiddition, me

IMUs are equipped with a magnetometer, which can compensate for the drift error in the

accelerometer

On the other handhe magnetometeran provide a constant reference (magnetic north)
allowing the relative heading to be transformed into an absolute orienf@haibikuli,
Fast et al. 2017)The Velocity and theosition can be obtained from single and double
integration to e acceleration component's tine®rresponding to the &'s forward
motion in all three directions. The gyroscope provides information aboufaibies

rotation which can be integrated with time to give the angle.
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There are manyeadymade IMU solutions avable. These products incorporate all the
needed hardwaysoftware anautput 3D orientation data Buler angles oguaternions

The IMU systems manufactured by Xsens, MicroStrain, VectorNav, Intersens, PNI and
Crossboware well known for this purpos&he downsidesof thesereadymade IMU
solutiors are expensive; some models need manual calibratiomraido sensitive to

magnetic disdrtions.

Although many inexpensive IMUs availabfay fewer product®utput 3D orientation

data.Following are theessentiaklements of an IMU sensor for this research purpose,

u Output 3D orientation data in quaternion or Euler angle fqrasagthe

onboard computational devi¢eicrocontroller)

a Small physical size

u Good accuracy

u no angular drifting in time

a Low price fange of £206 £50)

We chose BNOO55 IMU based on these critiyiahis project andit has a 32bit
microcontroller (hitp-speed CorteM0 based processor) running the BSX3.0
FusionLib software. The eboard fusion algorithm fusethe triaxial 14bit
BMAOS5 accelerometer, a triaxial 16bit BMIO55 gyroscope, andriaxial
BMMO55 geomagnetic sensor into a single composite senso

Table3.1 showshe stair fall risk parameter witthe selectedsensaos thatwereused for

this project.
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Table3.1 Stair fall risk parameter witthe chosen sensor

Parameter Sensor Accuracy
Footcontact length rati¢ ForceSensitive + 5% to + 25%of established
Resister nominalresistanceKSR user

manual), Curve fitting calibration
method wasisedto improve
accuracy R2 =0.97 lower forces,
R2 =0.99 higher forces

Foot clearance Range sensor +3 mm
VL6180X

Orientation, stride IMU BNOO55 Acc:1 LSB/mg

velocity, displacement Gyro:0.05

IMU (sensor fusion): +1%

Stance time, swing tim¢ FSR, Range sensor | £3 mm

3.2.40Other Components

Apart from choosing theuitablesensors for this research, there are nmemsential
components needed boild instrumentedensorshoes (Appendix D show the images of
all the sensors used to develop sensor shstée followings

1. Bluno Nano Microcontroller

2. Arduino

3.12c Multiplexer

4. Analog to digital multiplexer

5.SD card

6. Amplifier

7.Voltage regulator

8. Battery power supply

All these components technical details, working principles and implementation details

are further explained in this chapter.
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3.2.4.1Bluno Nano microcontroller

The Atmega 328 microcontroller chip was used in Biano Nano boardBluno Nano

integrates a Tl CC2540 BT 4.0 chip with the Arduino UNO development board

(DFROBOT 2015) It allows wireless programming via Bluetodtiow Energy (BLE)
andsupportghe AT command to configure the BLE. The BluN@anoboardcontairs an
integrated Bluetooth modukbat directly transmitsany data writtero v e r  toothd B |

ue

Low Energy (BLE) 6 c o.rinnthascrodule the itmevare cansbe s e r i

upgraded easily. This microcontrolisrthe perfect choice for BLE projects thilimited
space or weight. BLE is law power versiorof Bluetooth 4.0, which runwith power
sources for an extended periddansmission range was confirmed through tedtnge
reliable up to 20 metrdsr indoorand60m for outdoorswith the non-exigence of any

largephysical barrier

BlunoNano contains two typed pins analog pingA), which can read a range of values
and digital pingD), which can read and write dafewo distance sensors and one IMU
sensor a needed toconnet with the Bluno Nano microcontrollethrough a serial
communication protocol (intantegrated communication, 12djor this,the Bluno Nano
microcontroller needthreeses of I12¢ pins each set comprises one A4 analog pin (serial
data) and one A5 analog pin (serial clock). However, in a standaBluno Nano
microcontroller only one set of 12¢c connectisis possibleAn 12c multiplexer was used

to connect the requirdtreesets of 12¢ pingo the microcontrollerAll three £nsorgtwo
distance sensors and one IMU sensor) were conngéetéds 12c multiplexer, which

finally connects tdahe Bluno Nano microcontroller.

In this project,up to 10d~orcesensitive resistors (FS&yereselectedto connect these
FSRs withthe microcoriroller neecéd more analog pinthan availableAnalog to digital
multiplexerwas usedo overcome this issyandthis multiplexerwas connectetb the
microcontrollerto maketheseFSRs work 13 resistors antivo amplifiers were needed
for each shoeA Printed circuitboard(PCB) was creatdd connect all these resistors,
amplifiers, sensar power supplyandmicrocontroller anda 7v batterypowered power

supply was used. Technical details of this multiplexer and other components are

explained below.
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3.2.4.2 Arduino

Arduino software was used to write codinggiono Nano microcontroller. The Arduino
Software isuser friendly withan opepsource electronics platforwhich allowsuserso
write program code and upload them on a microcontroller boa@t+Clanguagéias
beenused to write coding in Arduind:he Arduino software included all the necessary
sensor librarieso make instrumented sensor shoes wéifker adding all the libraries,

coding was written to get the desired outfAppendix Q.

3.2.4.312C Multiplexer

ThelMU and two distance sensors that use 12c communicstiare the same hardware
ID. This same hardware Iprohibits using a common I2 bus as the sensors are
indistinguishable from one anoth&@ur design provideanindependent2c channefor

each sensarsing 12c multiplexeto overcomehis issue,

The TCA9548A |12 multiplexer was used to collect data acrosshalthree sensorthat
were concurrently operating 2channels. Its technical specifications are as follows
((Instruments 2015)

Selectable 12C address 0x0R77
Operating Voltage: 1.65.5V
Weight: 1.8¢g

Product Di mensi ons: 30.6mm x 17. 6 ml

(B xS e B

The use ofan eightchannel 12 multiplexer (Instruments, 2015allows our design to
support up to eight independent sensamdg presents a layer ekpandability to our

system

It comprises two distance sens@&NOO055 IMU sensor thatollect various forms of
motion data. These sensors communicateth&d2c protocol and are wired through a
TCA9548A 12¢ multiplexer to the BlundNano microcontroller. TheBluno Nano
microcontroller functions as a mastdgcilitating data collection, formatting, and

transmissiorover Bluetooth 4.0 to our SD card.
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3.2.4.4Analog to Digitalmultiplexer:

Spark Fmn 6Amalogto Digital Multiplexer CD74HC406hreakout boat was used to
multiplex FSR sensors. It had6 Channel AnalogMultiplexer. This chip is like a rotary
switch it internally routes the common pin (SIG on theard to one of 16 channel pins
(C1 to C16 in the boajd It works with both digital andanalog signalsand the
connections function in either directi@@parkfun 2005)

To make this work, foudigital outputsrom the Bluno Nano microcontroller connected

withanal og muping SOR3ITeisaralognsultiplexer gives provision to connect
16 FSR sensors if we need to incretieFSR sensor or need to include other sensors
the uture.

3.2.4.40perationalAmplifiers (LM358)

The @erational amplifier is an amplifier where the output voltage is proportional to the
negative of its input voltage. The LM8 is a low power quad operational amplifier
(Sparkfun 2005) consisting of four independent, high gain, internal frequency
compensated operational amplifiers. LB8®perational amplifierasereused in a voltage
divider configuration of the design to achieve a swlikb response where a certain
amount of force is required boeak the sens@rresistance to allow a proportional voltage
to leakgo through it. The resistance value of the mldwn resistor is inversely

proportional to the force sensitivity range of the FSR, whiults the current.

It is explicitly designedio operate from a single power supply over a wide range of
voltages. The low power supply current drain is independent of the magnitude of the
power supply voltageThe LM358connection detailare explainedin the FSR sensor

implementatiorpart.

3.2.4.5Battery power Supply

Without a power supply, the whole instrumented system cannot function. Therefore,
providing enough electrical power to make
work wascrucialin operating thentire system. Meanwhile, attentichould be paitb
selecting the voltage source, whiclowld supply the correct range of required voltages
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for thesystem's electrical and electronic circuitdence, electronic components such as
voltage regulators @re implemented to ensure no extréagewould cause overflow or

damage to circuitry.

The 7.4 V Rechargeable batteri€Sparkfun 2005)were used tgrovide the required
voltage to the whole design for smooth operat\oltage regulators were used in this
design to regulate and maintain the input voltage at a constant level. The difference
between the actual output voltages with the internal fixedeate voltage was amplified

and used to control the regulation element to correct the voltage error.

3.1.4.6Voltage Reqgulator (LM7805)

A 7.4V battery has been used to supply power to the electronic components in this design
Typically, most electrorda components' operating power ranges from 2.0 V to 5.0 V,
where too high input voltage may cause damabeerefore, a LM7805 5.0 V
(STMicroelectronics 2018joltage regulatowas used to lowethe input voltage before

the voltage wasuppied to the whole circuit.The LM7805 5.0 V voltage regulator
consists of thre¢erminal pinsinput, ground, and output En

3.1.4.7Data Storage

Data storage is a stgystem used by the instrumented sensor shoe to store the collected
data for further analysis. An individual mieBD card for each shoe was used in this
model to record the redilme data and to store the aaited data. The data was stored as
CSVfiles by usingLabVIEW software.

Adafruit provides a micr&D breakout board that was connected to a BNerwo micre
controller. Arduino has been used to create a file in the rEr@ards(Electronics
2010) which contains all the necessalgtalogging methodsbv power supply was used.
To makethe SD breakout board work, CLK pin from mie&D board connected to D13
(digital 13) pin in BlundNano micrecontroller. Similarly, these pins were connected DO
to D12 pin, D1 to D11pin and CS to D10pin.
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Adafruit Micro-SD breakout board was implemented into the instrumented sensor shoe
system. SanDiskxtreme 4GB microSD cards were used for this project. All the collected
data were logged into thmicro-SD cards with its builin capability (writing speesiup

to 90 MB/S)by the Arduino An Arduino programme was created with a for lodhis
programmecreates CSV files from digits 00 up to 999, based whetherthe file already

exists or not. A string was created to write the structure of the data file.

3.3 Methods

3.3.1. Instrumented sensor shoe physical implementation

Some of the functional requirementsneconsidered to design this instrumented sensor

shoe as follows,

Should not affect the stair climbing gait
To collect data for both the feet

Wireless

A

It is availablein different size of insoles and instrumented shoes, so anyone can

usethem

One of thesenor shoe's essential requirements is that it should not affect the participants'
gait while climbing stair@andthe hardware had to be small, compact, and lightuteig
There are published research evidefid@usdorff, Zemany et al. 199Bat haveshown

that even when the lower extremities are loaded with different weights, this canmresult
subtle effects on the stair gaits. So, instrumented insole final prototype was made under
300gm.

Both shoes were instrumented to get both feet motion d#te aame timeFigure3.1

shows the instrumented sensor shidee instrumented sensor shammprisedone PCB

(Printed circuit board) module and instrumented insole. PCB module was mounted to the
shoe's lateral selusing aobustVelcro strap. The Instrumented insole was placed inside

the shoeWe used shoe sigé to 10 toaccommodate women and men participants in our
researchThe Instrumented insolecinave 6 tocehBi 6Foeceesi st

the pressure data depending on the shoe size
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Figure 3.1 Instrumented shoe with PCB Modudend Insole fitted

A Printed Circuit Board (PCBis vital in holdingtheentirei nst r ument ed sen
hardware together. PCB connects various electronic componentstareaphysical

platform. PCB was created using EAGLE softwdEAGLE is an acronym for Easily
Applicable Graphical Layout Editors

The PCB module contained tBéuno Nano microcontrollewith Bluetooth (BLE). This
Bluetooth made instrumented shoe irdowireless system. PCB module contains
additional componentswhich are IC2 multiplexers for IMU and range sensor, an
analogue multiplexer, resisters, an amplifier for the insole, voltagérotier and
connection for the inputs from the power suppliter designinghe PCB, tvo separate

PCBs were printed for both left and right feet.

|l MU sensor was fitted at the back of the
directly on the stas. In this way, foot angle output is zero when the foot is flat. When the
foot starts to movethe IMU sensor helps to measubhe foot angle.This foot angle
information isvital because if the participant has a larger foot anglelesthfoot contact

length this can causa fall.
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Figure 3.2 Back of the instrumented inspt®o distance senseand one IMU sensor fitted

We fitted two distance sensors at the back of the shoe. The front distance sensor was fitted
just beneath and parallel to the toasd the rear one was fitted right beneath the heel
(Figure3.2).

The reasons for fitting the sensorsghaback oftheshoe are as follows,

U Distance sensor can directly measure the distance between shoe and stair edge

U To calculate vertical foot clearance in ascending, we need to fremisdy when
the toe crosses ttetair edgePlacing the sensor closer to the toe is essential to
find out this infformation So &éfront di stance sensor
shoe, parallel to the toes.

0 To calculate vertical foot clearance in descending, we need to Rregisdy
when the heel crosses the stair edge. To find out this information, placing a sensor
right at the back of the heelessential
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The Inertial Measurement Unit (IMU) and distance sensors can get damaged while
walking. Two separate cases (boxes) were uequtotect the Inertial Measurement Unit

(IMU) and the distance sensors from damathese casesered e si gned uUsSi ng
wor kso software. B o x theyMieensoawdike thevdsstanced e s i C
sensord6s case was dethdadg rseda ndief fseernesrotrldys.
needs to see the object to measure the distance, the casesigrsed with a small
rectangular openingFigure 3.3 shows the IMUsensorcase and distance sensor case.

IMU and distancesensor cases were printed using nylon matexglon filament is a

reliable durable, and versatiRD printingmaterial Also, it is thin and flexible, with very

Figure 3.3 Case for IMU and Distance sensor

high interlayer adhesion.

A Lab view program was created as a user interface (explained later in this chapter) to
send start and stop sigeébthes h o e 6 s  mliercNexi, dve@ midrocontroller sends
data to each shoeds SD c arwherdthedatalgetsstoree h a

and transmitted to the computer for further analysis.

3.3.2. Insoledesign

Eagle software was used to design instrumented inaateflexible PCB lamination
material was used to print the insole deskjgure 34 shows the insole desighlexible
PCB (Flex FR4) was just 0.127mm thick, doubided, 1/20z copper materiaind it is
ideal for making flexible circuits. This Flex FR4 P@Bsemirigid, and a highquality
laminate allovg the creaton of flexible PCB and solder components directly onto the

copper tracks using standard soldering techniques and temperatures.

36



X0

i

CHXLeO0HON AsNaxw
E/BJ= ¢ N\

X

Figure 3.4 Instrumented insole designed in eagle software

After printing a flexible insole, FSRs were soldered onto it. Fig@t® shows the

Instrumented insole. The instrumented insole accommodstesral FSR sensors
connected to the PCB module @aonnecter pin.
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Figure 3.5 Instrumented flexiblénsoleprinted and fitted with ten FSRs

The insole contained from 6 to 10 FSRs in line. The insole provided a straightforward
method to position the sensors in order beneath the foot. The reason for placing the
sensors in the line was calculae the footcontact lengthdirectly. Therefore, wewill get

the force readings only when the foot touches the stairs during the stanceVighase
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the foot is not touching the stairs, we will not get any force reading. Also, when the foot

is intheswing phase, we will not get any force readings.

The FSR ensorswere purposefully facing downwards for sensor saféfhey were
placedin themiddle of the shoeswith the sensors and wires coming fsim the shoes'
lateral (outside) aspedn additional layer of insole hid thesor protection. Thdistance
between each sensorag/26mm to 29mm and these wer@aoted downfor future

calculation.

3.3.3. LabVIEW userinterface fordatacollection

The user interface for data collectiomas developed using LabVIEVgoftware
(Laboratory Virtual Instrument Engineag Workbench), a systedesign platform and
development environment for a visual programming language from National Instruments
[NI]. LabVIEW is commonly used for data acquisition, instrument control, and industrial

automation

LabVIEW has buiHlin functions that can read serial daentbyAr dui no t o Lab)

VI (Virtual Instrument). A way to do so is to u8éISA resourcéto get data serially.

VISA serial was used to get settings from Arduifbe data has a baud rate of 115200
andwastransferred ir8 bits. Baud rate refers to the number of signal or symbol changes
that occur per secon@renzel 2012)A avhile loopdwas createdo readdatafrom the

COM porbwheneverserial communicatiomccurredTher e wer e t hr ee
createdL,e ft shoe 6COM porté, right shoe O6COM

Data collection was done in two different settinigdbdratoryand three different house

settings). InLaboratory data was collected vithe 6 VI CON sTy syhahronise

VICON witht he shoes, 6Viconbs sync out por
mi crocontroller analog pinb.
When the 6Vicon systemO6 starts collecting

vol tage signal 6 tinooudkchecksithese voltageshdruthevaltage o n
reaches Ogreater nbhadnsBygdal thosLabWVI E8en¢é

systemé stops collecting dat a, t he O6Vico
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signal to Arduino. On ree®s viimgnthv &, | tolwe
sendaoL6é6 signal to the LabVIl EW.

LabVIEW contiinuoudy checksthed Ar d ui n o jwhan dap€lEW rpceivesrsd

OHO6 sLagmallEW sends a O0st ar tadsedicaed®&luefoott o b
system to start dateokbection from the shoes. When LabVIEW receia@sd L 6 s i gn a
LabVIEWsenda O0stop signal é in the above mann:e

Once the data collection is started, LabVIEW reads the data sent by the shoes and writes
themintoa6 SD st orage card6 with a o6Uniquel/ -t
Unique file will be closed when the LabVIEW receitke6 L 6 si gn al by set

signal 6 to the shoes.

In houses, data collection was done withdidon triggering(Appendix B) LabVIEW
senta signal directly to shoes to start and stop data collection. Figy@érehows the

LabVIEW user interface, which we created to collect data from instrumented shoes.

{3 sdcard store test diags1.vi Front Panel - x
|
IFlIE Edit View Project Operate Tools Window Help @
> [@| @] 11] [15pt Application Font |~ |[So~ ||a~ || &~ | [60~ . 1P ﬁ
COMPort 3 Use Vicon
-l -}

COM Port

i3 ki

COM Port 2

5 -~

prime Start Button Stop Button

Figure 3.6 Instrumented data collection user interfacEOM port3 to connect with Arduino for
synchrongation, COM portto connect with left sensor shaad COM port2o connect with right sensor
shoe. Use Vicomutton used for lab datcollection,start, and stop buttons were used foousesdata

collection.
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3.4 Results

This section discusses each sensocluding an overview of the sensor's working
principleand the signal conditioning and implementation used in the instrumented sensor
shoe systemA table summarizing relevant parameters of each sensor (as provided by

manufacturers) is included.

3.4.1. Bandwidthrequirements

The average step rate of adults is jusder 120 steps per minute, which corresponds to
a stride frequency &Hz. Each sensor worked well withigh sampling rate on its own.
For exampletheIMU sensorgave50hz data whetestedon its own.The dstance sensor
also gave 50hz data. In this pct, there were between seven to ten fa®esitive
resistors used. Each Forsensitive resistor provided two outputs,astotal of twenty
sets of output at a time. Instrumented sensor shoe circuit @aipainsgwenty FSR sets
of data, two distanceensor data, thresxis accelerometer, threxis gyroscope, roll,
pitch, yaw, and time data, which was more than 30 sets of data. Bheddmye quantity

of data, bandwidthwvasreduced to 2Gh The @mparison was made between the 20hz
data in thecircuit and 50hzdata toavoid missingany crucial informationThe result
showed that 20hz data did not miss any crucial. &t@20hz bandwidtlis usedfor data

collection.

3.4.2. Distancesensorspecification

The VL6180Xpr oduct i s baesed 66hi GADS Spaselt te
groundbreaking technology allowabsolute distance to be measured independent of
target reflectance(STMicroelectronics 2010)Instead of estimating the distance by
measuring the amount of light reflected from the object (which is significantly influenced

by colour and surface), the VL6180X precisely meastimesime the light takes to travel

to the nearest object and reflect #ensor (Timeof-Flight) (STMicroelectronics 200).

Combining an IR emitter, a range sensor and an ambient light sensor in-atbnee
readyto-usepackagethe VL6180X is easy to integrate.
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The main advantages offered by this technology are:

) transmitter and receiver integratetbithe samemodule

(i) small sensor dimensions

(i)  accuracy independent from experimental factors (ggintensity of the
ambient light)

(iv)  low power consumptiorD2i 5 mA).

Thus,VL6180x distancesensorsare suitableto usefor human movement applications.
The module is designed for low power operation. Ranging and light intensity
measurements cgrerformat userdefined intervals. Multiple threshadand interrupt
schemes are supported to minimize host operations. Hosolcand result reading ad

I12¢ serial communicatian

3.4.2.1Working Principle

TheVL6180X udcklight SeSsé technologyo measure how long it takes for
emitted pulses of infrared laser light to be reflected to a defieotoran objegtmaking it
essentially a shorange LIDAR (Light Detection and Ranging) sensor. Tdiime-of-

flight (TOF)omeasurement enables it to accurately determine the absolute distance to a
target with 1mm resolution, wi tmeasuermentt he
(STMicroelectronics 2010)t can measure siiances up to 250mrithe microcontroller
embedded in the ST devices handles all calculations and noise redlicgoeasons for
choosing this sensor are low cost, small size, and axcufggure 3.7 showsthe TOF

conceptmultiplying the time frameand the speed of ligim the airgives the distance

Speed of light(c)= 299,792,458etergsecond

Time(t)= (( To object+Return))/2
Distance=c*t
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Figure 3.7 Time of Flight concef8TMicroelectronics 2010)

Table 3.2 shows the specification of the selected distance for foot clearance
(STMicroelectronics 2010)

Table3.2 Distance Sensor Specification

Feature Details

Size 0. 85(j. ¥Mj. 085 nj
(13mmx 18 mmx 2 mm)

Mass 0.59g (0.0202)

Operating voltage 2.7V t0 5.5V

Output format (I12C) 8-bit distance reading

Distance measuring range 0 mm to 250 mm

Resolution 1 mm

Temperaturelependent drift 15mm

Accuracy + 3mm

Noise 2.0mm maximum
Frequency 30 Hz
LaserInfrared Emitter 850 nm
Manufacturer Pololu
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3.4.22 Calibrationand Accuracyesting

An initial study found thatiR-ToF sensoi®(VL6180X, STMicroelectronics, Geneva,
Switzerland) can provide better accurathan alternative technologie¢Bertuletti,
Cereatti et al. 2016 urthermorethe £nsor manufacturers (e.g., $Microelectronics)

only reportthe sensor performance under very specific and controlled conditions in the
datasheetTherefore, it iscrucial to evaluate the system performance under working

conditions simulating the real seeios.

For this specific study, the HRoF proximity sensor sampling rateas set to 20 Hz, and
since the minimum foot clearance is generally less than 250 mm, the measurement range

wasset to 0250 mm.

We analysed the following factors, which could paidly affect the accuracy associated

with distance estimation:

(1) Colours of the target surfacgréy carpet, white carpet, and wood)
(i) Distance (fronmD to 250 mm)
(iii) Angle of incidence (0,10,20,30, 40,50,60)

All three influencefactorswere tested both istatic and dynamic conditions. These
factors were chosen to cover the range of possible configurations occurring during stair
walking. In static acquisitions, the targ@tarpej was kept stationary in front of the

0 VL 6 1 8 0 x sedsoigfitteal m theshoe) While during dynamic acquisitionshe
sensor shoe wanoved tothe desiredposition.

The first distance experiment wa®ne withwhite carpets grey carpes, and wood
material.Next, dstance sensors were fitted with sha@sd itwas kept aR8mm from the

wood, grey and white carpet. Similar results were found for all the materials tested.
AccordingtotheVL 6180 X di stance sensor Oteisigdckedaras he

from this experiment as welFigure3.8).
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Different Material distance testing

white carpet  emmmgrey carpet

DISTANCE{MM)

Figure 3.8 Distance sensor under different material, it was 28mmz=3mm

Based on the results provided by the initial investigation on the influence t@irg/e's

colour, we decided to use thwhite carpet forthe sulsequent experimental acquisitions

The second experiment was to chebk accuracy of Angle of Incidence @ and

Distance measurement. The distance measurement was done whilst the Aol was kept from
zero degregto 60 degregby increasing it in 1@legree(0°, 1,20, 3(°,40°,5C°, 60°).

For each testing, t he 6 me athesenadr and actual f t |
distance (manually measuredthgruler) were computednd the absolute difference of

these two wasderived.

The overall6 Man error (BAS)§ 6 Man absolute error (MAB)Nnd 6 Man absolute
percentage error (MAE%)were computedy averaging differences overfew trials.
The 6Root Mean Squared Error (RMSE)® was

the following formula,

The error habeen calculatedsing the below formula (3.8s the sensor valfér)minus

the actualo
QO 0 Yeééééeécééeeeeeéeeeéeeéeeé.. (31

Thebiasis the average errgandn is the number of historical period&as was calculated

using formula (3.2).

rrrrrrrrrrrrrrrrrr

i eeeeeceeeeceeeeeeecee
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TheMean Absolute Percentage Error (MAPE)measuregorecast accuracy. MAPE is
the sum of the individual absolute errors divided by #lotual value(each period
separately). It is the average of the percentage eMHABE was calculated usintpe
formula (3.3).

D
D
@D
@D
D

eeééeeééeecéeeceé éeéeé .33

1 A
mMAPE=-Y 4
n Z dt

TheMean Absolute Error (MAE) was calculated usirtpeformula (3.4).
MAE = L > el
n—" 666666

éeeeceeeééeeceeceeééeéeee( 3.

TheRoot Mean Squared Error (RMSE)is defined as thaverage squared error's square

root RMSE was calculated using formula (3.5).
RMSE=\/3§:e2
n g, .,
eéeéeéeée

eeeeeéééeee.od

Table3.3 Detailed offset calculation for the distance sensor

Absolute
value of
error
Absolute divided by
Value of actual
Period Degrees Actual(mm) Measured(mm) Error Error Square of Errorvalue
t D A, S. E.=A.S, 1E: =] AeSel  (A-S) A2 [ (A=S,) | /A,
1 0 10 12 -2 2 4 0.2
2 10 15 14 1 1 1 0.0666667
3 20 20 18 2 4 0.1
4 30 25 27 -2 2 4 0.08
5 40 30 34 -4 4 16 0.1333333
6 50 35 34 1 1 1 0.0285714
7 60 40 35 5 5 25 0.125
Mean 25 24.85714286 0.1428571 2.42857143 7.857142857 0.815
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Table 3.3 showsthe detailed calculation for distance sensor offset and accuracy testing
for a different angle of incidence @). Offsets and accuracy were calculatesihg the

above formulasOur results showed that low BIAS ratel{0for this sensqrand the
absolute error for the sensor was 2.4mm, which was less than the maximum given by the
company's sensor specificatioddso, the RMSE was only.85mm these results are

shown inTable3.4.

Table3.4 Distance sensor offset and accuracy testing results

N 7
Bias 1mm
MAE 2.4 mm

RMSE 7.85mm
MAPE 8.1%

Distance sensor

Actual{mm) At Measured(mm) St Linear (Measured{mm) 5t)
a5
40 y=4.4643x+7 /
— 35 R?=0.9226
g 30
= 25
S _
= 20 /
g 15 :
5
0
0 10 20 30 40 50 60

Degrees(different angle)

Figure 3.9 Distance sensor calibration curve, sensor angle set for zero degrees to 60 degrees by increasing
it in 100 (00, 100,200, 300,400,500, 600), and measurediorm,15mm,20mm,25mm,30mm,35mm and
40mm. Linear correlation r2 =0.9226
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Based on the above resutiggraph was plottedzigure3.9 shows the calibration curve.

The xaxis was degreesthe y-axis wasdistance.The plot between actual and distance
sensor values formed a linear correlation in this experiniéms Linear corréation was
calculated with the formuléy= 4.4643x+Dto calibrate the range sens@snd R ur 0
square valugwas 0.226, which confirmed asignificart correlation betweethese two

measurementalues.
3.4.2.2.3Foot clearance calculation

Distance sensors were fitted at the front and back of the sensor. Foot clearance
measurement astaken between thednt(ascendingpack(descending) distance sensor
and to the edge of the landing stair whilst both ascending (when the toe crosses the edge)

and desending (when the heel crosses the gdge

It was a verticalfoot clearancaneasurement, whichoald be picked up easily whilst
plotting the measurements over the graph, where the point abrupt measurement change
happensFigure 3.D showshow measurementsere picked up easily. For example,

while going dowrthe stairs, a subject stastsinging their left foot from the stance phase
minimum foot clearance was calated while crossing the stair ed@dter crossing the

stair edge during this swing pleaghe foot reachsthe first maximum valuethen this

value slowly goes down.
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First

Left foot aximum value

Foot clearance is calculated while crossing
the edge before reaching maximum value

Second
\_ Maximum value

44—
Width
26.5cm
Height 12steps
17cm

Figure 3.10 Descending vertical foot clearance measurement calculation, while the foot crossing the step

edge foot clearance was calculated as a distance between the back distance sensor and step edge

First maximum value Descending distance sensor

300 Secondmaximum value
50

—~

E 2 ding di

E 500 stairedge,Foot Descending distance

8 150 Clearance sensor

= calculate

8 100

N2

O 50
0
COTONOOLTONOOITONOOTONOOTONOOT®ONO©OQ I
OCMMNONDNONITIRODATO O ATMOOAMINOOMWNON L~
OC OO0 AT A ddd N ANNNMMHMMHMMOMOITETTITITITOOOL OO OONMNMNMNINDMNS

Time(s)

Figure 3.11 Graphical representation of minimum foot clearance calculation while descending

Figure3.11 shows the foot clearance calculation graph for descending. While descending,
the foot must cross two stair edga&/hile crossing the first step edgainimum foot
clearance was calculatedfter crossing the first edgehe sensor reacheke first

maximum and goes dowand after crossing the second stair edge, the sensor reaches the
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second maximum value agdes downMatlab was used to calculate fabearance using

the above information.

3.4.3. Force Sensitive Resistdf$R)sensorspecification

OFosersitive resistor ( F SHategperierges a detrgagee o0
in electrical resistance when force is applied orthogonally to the rser®tive area
Though less accurate than a load cell, FSRs are generally inexpensive, and when

manufactured from polymers, the typical thickness is on the order of 0.25mm.

We used théorcesensitive resistors (FSR) manufactured by Interifdctronics (FSR
402 short), which has a circular sensing area with a diameter of {Blectronics 2010)
In our custom buikinstrumented shoes, we placed 6 to 10 of these FSR sensors

underneath the foot, from toe to haela line depending upon the shoeesiz

3.4.31 FSRworking principle

The FSR402s are polymebased sensors and consist of three layers. Wwestdayer is

a flexible substrateoated with a printable semiconductor material. The middle layer is a
spacer adhesive, with material only along the outline of the part, providing an open region
at thedevice's active aredhe top layer is ddxible substrate, printed with interdigitating
electrodes and two printed leamsnectedo solder tabs. The active area of the sensor is
the area containing the electrodes. FER uses a 0.13mm layer of polyetherimide for
the top and bottom layers, Wit 0.15mm layer of acrylic for the spacer. The transparent
polyether sulfone has excellent temperature resistance, moderate chemical resistance, and
good flexibility. On the other hand, polyetherimide is a séramnsparent substrate with
excellent tempetare resistance, excellent chemical resistance, and limited flexibility
(Figure3.12).
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FLEXIBLE SUBSTRATE WITH
PRINTED SEMI-CONDUCTOR

SPACER
OPENING

SPACER ADHESIVE

TIVE AREA

TAIL

FLEXIBLE SUBSTRATE WITH PRINTED
INTERDIGITATING ELECTRODES

Figure 3.12 FSR made of these three layers (Electronics 2010)

The semiconductor material on the lowest layer of B$R provides an electrical
connection between the sets of interdigitating electrodes. The adhesive provides an air
gap between the semiconductor and the electrodes when there is no force Hpglied
keeps thehigh sensor resistanceWhen force is applid across the active arethe
electrodes are pressed into the semicondurtducingthe resistance across the sensor.

Table3.5shows the FSR parameters and specificaffitectronics 2010)
Table3.5 Relevant parameters of the interlink F8&2

Parameter Value

Force sensitivity range <1009 to >10kg depending omechanics
Pressure sensitivity range < 0.1 kg/cm2 to > 10 kg/cm2

partto-part repeatability +15% to 25% of established nominal resistan
Single part repeatability +2% to 5% of established nominal resistance
Current consumption 1mA/cm2 ofapplied force

Resolution 0.5% full scale

Temperature Range -30°C to +70°C

Sensitivity to Noise/ Vibration Not significantly affected

Devices rise time 1.2msec

Lifetime >10 million actuations

Hysteresis +10% average
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3.4.3.2 FSRmplementation

We used a voltage divider circuit to measure changes in resistance of theS8Rsde

voltage divider circuit explained thés belowin Figure3.13.

+5v

10Kohm

Analog

output/voltage
changes

\\%g\* FSR

GND

Figure 3.13 Voltage divider circuit for a forcaensitive resistor (FSR) with 10kohm resistor

The output can be explained by the foll o

XXXXXXXXXXXXD O

In this configuratio, the output voltage decreases with increasing force. This circuit
produced an output voltageversely proportional to FSR resistance, which is inversely
proportionalto the applied force. The result was an inverse proportionality between force

and voltae.

We used a 10Kohm fixed resistor (R) to maximize the desired force sensitivity range and
to limit the current. A 5Svoltage power supply was preferred in this circuit. The graph
Figure3.14 showsther e sul t s of i mpl ement edcinganod t age
linear output, which could measure forces up to 30N accurately. There was a challenge
when this force reackemore than 30N; the voltage change was very minimal, making

hard to measure the force.
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Voltage Vs Forces

5.00
4.50
4.00
3.50
3.00
2.50
2.00
1.50
1.00
0.50
0.00

Voltage

0 0.2 1 10 20 30 40 50 60 70 80 90 100
Force(N)

voltage change for applied force

Figure 3.14 Voltage Vs Forces, 5voltage steadily drops up to 30n, after that voltage drops was very

minimal, which was hard to measure

To overcome this challenge, we implemensaddditional FSR divider witlunity gain
amplifierusn g -@mppLM-3 58 6 s RkigureB15.i nThi s of f set ¢ omj
amp LM3586 offers high input i mpedance th
Interlink ElectronicFSR integration guide)
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+5v

R 10Kohm
LM358
-
u1 VOUT1
FSR
RFSR
GND R, % 820KOhm
R, & 1MOhm -

VOuUT 2
Rs S g20kohm ] _

V-

Figure 3.15 To overcome minimum voltage drop and measure forces up to 100N, a voltage divider circuit

was created with two Operational amplifiers (@mp)

Two identical amplifiers were incorporated on a single board, which does thi&epar
processing. The comparator can compare two voltages (reference voltage and sensing
voltage). The reference voltage is a set force threshold voltage (1.1v) used to compare
against the sensing voltage, which comes from the voltage divider. When #iggsen
voltage exceeds the reference voltailpe Opamp turns ONThe circuit output was
divided into two parallel vout to work with 2/3threshold force and voi& to work with

1/3 threshold force. For example, this helps the FSR measure a forc&@@\Ntavhen

vout-2 measure@ON from ON, voutl can measurep talOON from 30N.
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All the resistors share a 5v common curremtd the value of the resistor decides the
circuit current and therby ratio between vott and vou2, which was calculated using

the ohmés | aw equation (3.7).

0 DZ — — XXXXXXXXXXXXXXXXXXBT)

The low bias currents of éiseop-amps reduce the error due to Wodtage divider's source
impedanceVoutl compares the threshold voltage with sengoltage when the sensing
voltage =>1.1v, then epmp turns orfTable3.6). When the weight reaches 30N, it starts

sensing forces in this table

Table3.6 Higher force calculation(voutl)sed to measure forcé®sm 30N to 100N

threshold
sensing vrl.1(Analog |voltage
N Kg fsr(resistance) R(10kohm)Ratio=FSR/FSR+R |voltage=5*Ratio |mv result) (1.1v)

0 0.00| 1000000000000000000.00{ 10000.00 1.00 5.00 5000 1023 1.10
0.2 0.02 10000.00| 10000.00 0.50 2.50 2500 1023 1.10
1 0.10 6000.00| 10000.00 0.38 1.88 1875 1023 1.10
10 1.02 4000.00| 10000.00 0.29 1.43 1429 1023 1.10
20 2.02 3000.00| 10000.00 0.23 1.15 1154 1023 1.10
30 3.04 2000.00{ 10000.00 0.17 0.83 833 775 0.83
40 4.06 1500.00{ 10000.00 0.13 0.65 652 607 0.65
50 5.08 990.00| 10000.00 0.09 0.45 450 419 0.45
60 6.08 850.00| 10000.00 0.08 0.39 392 364 0.39
70 7.08 575.00{ 10000.00 0.05 0.27 272 253 0.27
80 8.08 500.00{ 10000.00 0.05 0.24 238 221 0.24
90 9.08 425.00| 10000.00 0.04 0.20 204 190 0.20
100/ 10.08 250.00| 10000.00 0.02 0.12 122 113 0.12

The plotted results showed improved response with the improved parallel wiittuit
nortlinearity inthe higher range shown in Figu®16 The higher force measurement

was done up to 100N from 30N.
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1.10 1.10 1.10 1.10 1.10

1.10

Voltage Vs Higher Force

1.00
0.90
0.80
0.70
0.60
0.50
0.40
0.30
0.20
0.10
0.00

Voltage

0 02 1 10 20 30 40 50 60 70 80 90

= Sensing voltage <=
83 threshold voltage(1.1v)

0.45
0.39

0.27
0.24 459

0.12

100

Newton(N)

Figure 3.16 Voltage Vs Higher Forces graphical representation shows that the voltage would not change

until 29N; once the force reaches 30N, the voltage drops.

The parallel circuitoptimised the desired low forcersdtivity range and limitedhe

current through the FSR. ThressistordR1, R2 and R8verecreated high impedance that

| et the |l ow current for vout 2, and 8 he
and 39, as below,
0] Oz OA@ET88888888888888888883
2 (3.8

Here,’Y Yo ¢

The results are calcu

oAl
OAOEZ—I7288888888888888882&(3_9)

Yo and V=5V(5000mv)

lated Tiable3.7. Vout2 measuresny changes in the force.
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Table3.7 Low force Vout2 calculatiomsed to measure forces from 1N to 30N

Serial 820kohm+ |Ratio2( vrl.1/no
result(ratiol) |820kohm+ |parallel of
N R/R+FSR 1mohm result) V=5*ratio2/ mV vrl.l resistors |Voltage

0 1.00/2640000.00 0.31 1.55| 1553.03 1023, 409.20 0.44
0.50(2640000.00 0.16 0.78 776.52 722 288.86 0.31
1 0.38/2640000.00 0.12 0.58 582.39 542 216.65 0.23
10 0.29(2640000.00 0.09 0.44| 443.72 413, 165.06 0.18
20 0.23/2640000.00 0.07 0.36/ 358.39 333) 133.32 0.14
30 0.17{2640000.00 0.05 0.26| 258.84 241 96.29 0.10
40 0.13/2640000.00 0.04 0.20 202.57 188 75.36 0.08
50 0.09(2640000.00 0.03 0.14| 139.90 130 52.04 0.06
60 0.08/2640000.00 0.02 0.12) 121.67 113 45.26 0.05
70 0.05/2640000.00 0.02 0.08 84.44 79 31.41 0.03
80 0.05/2640000.00 0.01 0.07 73.95 69 27.51 0.03
90 0.04/2640000.00 0.01 0.06 63.31 59 23.55 0.03
100 0.02|2640000.00 0.01 0.04 37.88 35 14.09 0.03

Results are plottedhs shown irFigure3.17. Moreover,it was observed that the graph
exhibits improved response with nonlinearity tine lower range. This low force

measuremeris used to measure forces up to 30N accurately.

0.50 Voltage Vs Less Force(N)

045 0.44
0.40

0.35
0.30
0.25
0.20
0.15
0.10
0.05
0.00

Voltage

= \/Oltage

0.03

0O 02 1 10 20 30 40 50 60 70 80 90 100
Force(N)

Figure 3.17 Voltage Vs less force graphical representation, the voltage would not change after 30N

heavily, it only measures 1N to 30N, after(>30N) that the voltage change would be minimal
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After the above FSR implementatiagensitiviy and @alibration werecarried out in the

laboratoryto verify the desired results.

3.4.3.3 Sensitivity

The autput of the FSR can be based on the applied force and the method of the application.
ThereforeFSRs can be biased if it is bent. The FSRs can be bent by two mechanisms, by
simple folding motiondependingon the shoe and tHeSR placement location beneath

the foot.FSRs are placed in the middletbéinsole from toe to heel in a line to overcome

this. We expect there will not be any typical bending underneath the midd|ermaithe

area of the foot is much larger than the FSR sensingvenegethe bending due to
indentation is less possible. The FSRs also have temperature and humiditys sens

affecting their performance within the shoe environment.

3.4.34 Calibration

The zero offset was not requitddence the FSRs are loaded under the foot inside a shoe
with a snugly tied lace. Therefore, the load on FSRs when the foot is in tisenatr i
expected to be Okg. So long as the sensitivity is determined at small values close to 0
kilograms zero offset are not required. These FSR outputs are-tioear, and their

single part repeatability isom +2% to £5% of the nhominal resistan@ometimes we

may face challengdike adhesive layer breakage can lead to an increaselineanity.

The FSR was calibrated of their output to the units of applied force Eakt). FSR was
tested in the material testing mach{id@pendix C) T h e & T imatérial testi@l s e n
machined was used to apply ,sontmualeyssorthge f or

the actual applied force and the corresponding outputs of thedi8Risaneously.

The grap Figure 318 shows the calibration results, FSR higher lameker forces voltage

vs material testing machinerces, with a second-axis showing the equivalent applied

force unit fromthe testing machineFSR worked the way it was implementédS R 6 s
more force(voutl) output worked after reaching 30N machine fdfc8.R O s |l es

force(vout2)resut worked up to 30N from ON.

57



A single curvefit the calibration data for multiple FSRs rather than fitting individual

curves for each FSR. Few of the FSRs were teatetithe output of all the FSRs grouped.

The results were crelated.

To capture the nehinear relationship between the FSR higher force output and applied

force,orbdeorurRdl ynomi al
used for this curve fittingandtheR squared value for this curve fitting was 0.9984. This

result showedhe excellen reliability of the sensors.

y = 3E05x* - 0.0023% + 0.0706%-0 . 27 9 3 x
From Figure 3.18, to capture the nelinear relationship between the F¥®Rver force
out put and apepdided Polrymomidalhicuwur ve
The formula 3.1 was used for this curve fittingandthe R squared value for this curve
fitting was R? = 0.9766. This result showbe excellert religbility of the sensors.

cur ve PAoimulda31l0wgsd wa s
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Figure3.18Calibration Curve for higher force (A) to measure 30N to 100N and lower force fBdeures

1N to 30N. After designing circuit with @mp, the FSR was calibrated with material testing machine
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3.4.4. Footcontact length

Table3.8 Footcontact lengtltalculation for Ascending

Footcontact lengt® Ascending

shoe 10th 9th 8th 7th 6th 5th 4th 3rd 2nd 1st
Size | Sensor | Sensor| sensor | Sensor| sensor| sensor| Sensor | sensor| sensor| sensor
6 n/a n/a n/a n/a 100 83 66 49 32 15
7 n/a n/a n/a 100 86 72 57 43 29 15
8 n/a n/a 100 88 75 63 50 38 25 13
9 n/a 100 89 78 67 56 45 34 23 12
10 100 90 80 70 60 50 40 30 20 10

Table3.9 Footcontact lengttralculation for Descending

Footcontact lengt® Descending

shoe 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10h
size SENsor | Sensor | Sensor| Sensor | Sensor| Sensor | sensor| Sensor| sensor| sensor
6 100 83 66 49 32 15 n/a n/a n/a n/a
7 100 86 72 57 43 29 15 n/a n/a n/a
8 100 88 75 63 50 38 25 13 n/a n/a
9 100 89 78 67 56 45 34 23 12 n/a
10 100 90 80 70 60 50 40 30 20 10
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Figure 3.19 Printed flexible Insole fitted with ten FSR sensors with the Sensor number
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We used Figur8.19, Table 3.8, and Table 3t8 find out which sensor has force or not.

The footcontact lengttratio was calculated as below; for example, the above sensor

insole has ten sensoits total lengttwas32cm. The distance between serseas3.2cm

which was 0% of the whole insole length. When calculatthg ascending footontact

lengthratio, oneneed to check theneelsensor forces. If all the sensor has the forces,

100% of the foot iplaced on the stairs. If onthe last sensor does not have any force

(1009610%=90%) 90% of the foot iplaced on the stairSupposehe last two sensors

do not have forces, which means (100280=80%) 80% of the foot placed on the stairs.

Similarly, remaining sensor forceserechecked to measure the faantact lengthatio.

For descending foatontact lengthratio,c h e c k f r o n t; based analre focesf o r ¢

and length of insole, theot contact lengthratio was calculated

As we have already explainedevinave createthe instrumented sensor sho&gth a

variable number of sensobased on the shoe sizékable 3.8 and Table 3.9) with a

measured distance between each ser®proing this we calculatedt he exac't

contactlengtdi st anced i n per cent afgfetcontddengts e d

distance datéor further analysis.
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Figure 3.20 FSR results for higher force (>30N to 100N)
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The nsole was testin the stairs for going up ali There vasseven FSR sensor in the

insole. InFigure 3.20 high force graph shows the forces applied from all the sensors.
According to this graph, S706s sensor for
applied on step3,4,5 and 6. S60s twemosor f
placed on all the steps, 14% of foot overhangimgefoot contact lengttwas calculated

using Tables 3.8 and 3.9

3.4.3.5Stance time

Stance time isvhenthe foot is in contact with thigoor. Stance timavascalculated from
thefirst contact with the step and ended wilie same foot's last contaon the same step

3.4.36 Swing time

It is whenthe foot is not in contact with the floor. To be prects¢ h e is takemia the
leg to swing through while the body isinsinglegpor t on .tDirieg swingh e r

time, instrumented insole produces no force changes betteafset is intheair.

3.4.37 Cadencdcycle time)

The averagéuration of two gait cycles (one of the left limbs and one of the right limbs)
wastaken as a cadence for stair ascent and stair descent.

3.4.5. BNOO55 IMU

IMU BNOO55 from Bosch company was used in this projdtthas a 32bit
microcontroller (highspeed CortexMO0 based processor) running the BSX3.0 Fusion Lib
software. The otboard fusion algathm fuses the triaxial 14bit BMAQS5 accelerometer,

a triaxial 16bit BMIO55 gyroscope and a triaxial BMMO055 geomagnetic sensor into a
0single composite sensor6. The sensor fu
inbuilt low andhigh pasdfiltering and autocalibration and temperature compensation
(GmbH 2020) These features were used to fuse the threen sdata ist@a quataion
representation of absolute orientatiord grovidelinear acceleration, gravity, and Euler

angle outputgadafruit, BNOO55)Theresuts weredirectlyread via I2¢ (inteintegrated

circuit) serial communication protocol from internal registers. I&hsor size was

significantly small (3.8mm x 5.2mm x 1.1 mm). The BOO055 IMU sensor used a low
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power, micreelectromechanical system (MEMS) accelerometer, gyroscope, and

magnetometer.

3.3.4.1 CapacitivélEMS Accelerometer

A capacitive accelerometer sensor was used to hoddBNOO55 IMU sensor. The
capacitive MEMS accelerometerdtagh sensitivity and accuracy at high temperatures.

In addition, he device depends only on the capacitive value that occurs due to the change
in distance between the platesid it does not change the values depending on the base

materials used.

A simple MEMS accelerometamainly consists of a movabltaicrostructureor a proof

mass connected to a mechanical suspension system. The movable plates fased

outer plates act as capacitor plates. When acceleration is applied, the proof mass moves
accordingly which produces a capacitance between the movable and the fixed outer
plates.MEMS accelerometemeasures both static acceleration (resultiognfgravity)

and dynamic acceleration resulting from shock, vibration, linear motion, or other types of

motion.

3.3.4.2MEMS Gyroscope

BNOO55 IMU used MEMS gyroscopewhich provides lownoise angular rate
(gyroscopic) measurement at low power consumptf@dfoodman 2007) MEMS
gyroscope uses Coriolis effect and vibrating element to measure angular v&ladip
gyroscope uses vibrating masses thidrates along a drive axiprimarily, and a
secondary vibration is induced along the perpendicular sensendaxih displaces the

mass from its original path when the gyroscope is ro@@&mdman 2007)The working
principles of a gyroscope where the rotation around respective axes is introduced. The
gyroscope introduces capacitance changes to detect this displacement. Based on this, the
angular velody of the IMU can be measured and by inteigathe signalwe can obtain

orientation.
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Bosch BNOO055
Gyroscope Accelerometer
Range programmable, 125 — 2000°/s | programmable, +2 - +16g
AD convertor 16bit 14bit
Sensitivity 16LSB/°/s 1LSB/mg
- tolerance +1 (max +3) % +1 (max +4) %
- temperature drift +0.03 (max +0.0.7) %/K +0.03 %/K
Nonlinearity +0.05 (max +0.2) %FS ‘ +0.5 (max 2) %FS
Zero rate/g offset +1 (max +3)°/s +80 (max +150) mg
- temperature drift [+0.015 (max +0.03) °/s per K +1 (max +3.5) mg/K
- voltage drift 0.1°/s/V +1.5 (max +2.5) mg/K
Bandwidth programmable, 12 — 523 Hz \ programmable, 8 — 1000Hz
Output noi ’
(put notse 0.014%/s//Hz (at 47Hz) 150 (max 190) pg//Hz
density
C Axi
ros? .. = +1 (max £3) % +1 (max £2) %
Sensitivity

Figure 3.21 Accelerometer and Gyroscope Specification (Townsend 2018)

Figure3.21 shows the specification tiie accelerometer and gyroscope. Default +4g for

accelerometer and 2000djos gyroscopeavas used in fusion mode.

3.4.4.3Calibration

Three types of information about the accelerometer were required: the zero offset (to
centrethe output around zerdhe sensitivity (to convert the output to units of m/s2d
the orientation of the accelerometers relative to the foot to interpret the sensor output

accurately.

3.4.4.4 Zero offses and sensitivity

Determining the sensitivity dhe accelerometers was straightforward by using gravity.
Naturally, the gravitational acceleration vector, g, is stable, accurate, and readily

available.

The sensor fusion software runs the calibration algorithm of all the three sensors
(accelerometelgyroscopeand magnetometer) in the background to remove the offsets.
The following procedure was done to calibrate the INlkk g/roscope was kept standing
still in one position to calibraténe gyroscopeMoreover,to calibratethe magnetometer,
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‘figure 8' motions werenace in 3 dimensions, but witburrent devicesfast magnetic
compensatiomccurswith enough normallevice movemeniThe BNOO55 was placed in

6 standing positions for +XX, +Y, +Y, -Y, +Z and-Z to calibrate the aeterometer

The BNOO55 also provides information about the current calibration Seausstatuses
can be read from the | MUOG s registers:
(accelerometer), MAG (magnetometer). These statuses hold a value from 0 (utecBlibra

to 3 (fully calibrated). The SYS status depends on the status of all three sensors.

If the calibration stusi s 0006 i n s ethessensor douidsnotdintie northd e
pole Therefore, fi the data is collected during this tipmde sensor prones relative
orientation values instead of absolute orientation valtEsvever, mce calibration
statis> 0 means thahe BNOO055 sensor has found the north pitleangive theabsolute

orientation valueg¢Townsend 2018)

Every sensor has a specifitas based on its physical properties and manufacturing.
Individual BNOO55 sensor statiestingconfirmedsensor data usability armas The
sensorhas a minimabias seen in the average signal output, even when no movement is
present.

Accelerometer data
05 :

—— ymean
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03— -

Acceleration(g)
o
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Figure 3.22 Accelerometer sensor bias test result

For this testing, BNOO5Was idle for a periodThe accelerometer sensor ddimsis

shown inFigure 322. The x (accx) and y(accy) acceleration hamaveragesaluearound
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zero. The z (accz) acceleratisrt1g due to gravityBy estimating the bias for each axis,

these values can lbepositioned around zero.

To measure sensor biastire gyroscope BNOO0O55 waskept static over a period. Static
bias resultsfor Gyroscopé sngular velocities (gx, gy, gz) are shownFigure 3.23.

Results showed that gyroscope offset i +2

‘ | | \
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Figure 3.23 Gyroscope Sensor Bias result, the offset is £20

The sensor data has been verified arsinmaimal standstill drift over a perigdndthis
reinforces our selection of the BNOO55 IMU and furthgupsrts the reliability othe
received data.

3.4.4.5 Orientation

Understanding the default orientation of the sensor is very important to understand the
acquired dataFigure 3.24shows the default coordinate system of the BNOO55 sensor
(Townsend 2018)This coordinate system was used for the rest of the experiment and
data analysis. Rotation the xaxisiscalledrol ( y ) , r o-ax&ssisdalecpitahn t h-

( dand rotation inthe-axisisc al | ed Yaw ( «) .
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Accel; Gyro;

Figure 3.24 Coordinate System for BNO055 IMU (Townsend 2018)

We can access IMU output in eitlfasion mode or nofusion modeFusion mode gives
processed data while ndasion mode gives raw data. In this project, fusion mode was
usedfor datacollection In the fusion mode orientatipoutputs are accessed by either
Euler angles or quaterniofizuler angles are relatively ®ato understandut it hasa
singularity problem when the yaw angle is 90°, called gimbal lbak.impossible to
reorient vhen a gimbal lock occurs without an external refereitaer angleorientation

is not fully defined,meaning that roll and pitch are not stable values when yaw is
approaching 90 degreeSo Euler angles were not used to calculate the foot motion in

this project.

Quaternions orientationwas used to measure foot motioQuaternions provide a
measurement technique that does not suffer from gimbal lock but are more complex than
Euler anglesA quaternion consists of four numbeose scalar and threecomponent

vector.
B ohofdR Q

Where w, X, y, and z are real numbers and i, j, and k are quaternionTympitsally, w,

X, y,and z are kept in the range betwetmand 1and
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All these w,x,y and z numbers reorient vectors in a single rotation with or withanges

in length.

The sensor fusion modes alsmvide linear accelerations(for exampleg acceleration

applied due to movement) and angular veloaitgquaternion orientatiodata.

3.4.46 Linear acceleration, velocity, Angular velocity, and FootlafiBitch)

Individual BNOO55 sensor was tested for dynamic movements like walking stairs up and
downto confirmsensor data usabilityrhe marticipant was wearing instrumented sensor

shoes and then walked up and dowhe stairs.

Figures 35 and 326 show theprocessed BNOO55 output of linear acceleration and
angular velocity for going up datédgain, when the foot is placed on the flodghe

acceleration value goes zero.

Acceleration

25—

N < X

Acceleration (m/s/s)

0 5 10 15 20 25 30 35 40 45

Figure 3.25Linear Acceleratio
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Figure 3.26 Angular Velocity

This linear acceleration dateas further processed in Matlab to calculate the velotity
the stairs The velocity was obtained from single integration tdé acceleration
component's timeorresponding to the &'s forward motionn all three directionsThe
below Figire 3.27 shows the results of the calculated velocity for going up data. For
stepsl and 4 have higherdoaty than the other steps. The velocity range for this going

up is between 1.25m/s to 2m/s.

Velocity
|

Velocity (m/s)

05—

0 5 10 15 20 25 30 35 40 45

Figure 3.27 Velocity results for going up
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The quaterniondata provides information about the rotation of theotftoThe below

formula was used to calculate the foot angle from quaternion,

double pitch = asin(2 * quat.w() * quat.y{)quat.x() * quat.z());

Pitch

(2]
o

Descending
Pitch

N
o

Foot pitch or angle

Degrees(pitch)
N
o

o

Foot overhanging Cmolo AT ~NO NN DO MO D
T AN NNOOMOOMm

N
o

Time(s)

Figure 3.28 Calculated Pitch (foot angle) for going up

Figure 3.28 showsthe calculated pitch for going up. According to this figutbe

participan's foot lifted between 20to 58. when the heel lifted (plantarflexiarthe foot

angle went up (positive)Vhen the toevas raied (dorsiflexion) the foot angle value
went down (Negative).

3.5Discussion

An instrumented shoe was developed to detect stair fall risk parameters at the community
level and not only in the laboratory. Three loast sensors were used to create the
instrumented shoe: a vI6180isthnce sensor, a BNO055 IMU and an FSR force sensor;

each sensor shoe cost £200 to develop, so a total cost of £400 for both instrumented shoes.

The currentinstrumented setupould only measure vertical clearance, not horizontal
clearanceHowever, lorizontal clearance mlsonecessary while descending stairéind

risk for slip. Therefore,hi s project és printed circuit
sensors. With this ability, we can fit the distance sensor athibe's back (heel counter)

to find horizontal foot clearance while descending stairs. We trigtttodethe distance
sensor at the back (heel counter) of the shoe, but the data collection frequency went down

and also, it was hard to fit it back (heel counter) of the dhaedditon,when t he s hc
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outer | ayer was thinner, the sensor went

this sensor for data collection.

Sacrum IMU

Thigh IMU

Lower limb circuit board

Shank IMU

Figure 3.29 Lower limb circuit board, IMU sensors fitted withigh, shank, and sacrum to calculate range

of motion and centre of mass control

The other stair fall risk parameters aeange of motion and centre of mass control. It

has been shown that accelerometers can determine a range of spatiotemporal gait
paraneters and give insight into the control of the CoM, which is an indicator for the risk

of a loss of CoM control during stair descent. To measure the range of motion and centre
of mass, we designed a lower limb circuit board containing three IMU senshreneit
microcontroller, storage card and power suppligure 3.29 showthat one IMU was

fitted at theThigh, the second oneas fitted at the Shank, and the third Wwtsd at the
Sacrum. Thus, three IMU sensors can measure the range of motion at the hip, knee, and

ankle and the centre of mass control.

The problem with this circuit was the wired circuit. A lower limb circuit board was
created with long wires for each IMU sensor ibthis circuit to all older people.
Unfortunately, his long wire became a probleand thereduce wire could not fit with
others. This wired circuit affected ol de
di dndt get t he usedthatrsensor fordueheradata csllectiot.i d n 0 t
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Fitting many sensors all over the body mi
if the sensors are incorporated in the shoe, many people will happily wear them at home
to collect data for longer; thavas the reason for focusing on only instrumented shoes.
Eventhoughfew risk parameters were implemented, we can predict the fall risk in the
future using this powerful parametéhe sensor shoe has the potential to add more
sensors in futureDlder peple can use this sensor shoe at home without any assistance
(Just pressing the button in the shoe). Data will be stored in the storage (SD) card. Those
data will be processed later to predict stairfiagk. Thi s syst em wo,ns6t af

less epensiveand can ollect data for longer

3.6 Conclusion

This project's motivation was to design and develop a low cost, reliable, and portable
instrumented sensor shoe system to detect stair fall risk factors in a typical living
environment. An instrumerdeshoe system was investigated and designed, which
contains a custormade insole that can find foot contact length rafiad distance
sensorarefitted in the shoe to calculate foot clearance, inertia measurement unit (IMU)
sensor to find motion paramegelnstrumented sensor shemnd insole weréeveloped

for different sizesThe desigredinstrumented sensor shems calibratedising different
methodsAlso, these sensor shoes wiagted on the stairs for static and dynamations

to measure accuracy and repeatabilBglected sensors were achieved good accuracy.
Developed sensor shoe system enabled the stair gait analysis in a less expensive and non
traditional motion laboratorgnvironmentInstrumented sensor shoe was tested on the
staircaseand isk parameters were extracted from the stair testing. These rasults

validated against VICON systems in the next chapter.
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CHAPTER 4:SensorShdaes st ai r

parametersalidation
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4.1 Introduction

We have developed sensor shide fill the gap betweenaboratory and reaworld
environmers. The first step was to test and validdte sensors hoe6s st air
parameteragainsthe VICON system, which was consideeedolden standard to predict

fall parametersThe main factors of stair fall are foot clearance and ¢ootact length

ratio (foot overhang). So, it essentiato validatethese two parameters agaitietvicon

system.

4.2 Methods
4.2.1. Participants

Twentyfive older adults participated in this studfAge:70.72+ 4.0Y; bodymass:70.18

+ 10.0kg; body height:1.62 0.06m; female:20; male:5). All the participants were
recruited fom the local community of Wirral and Liverpool, UK. All these participants
lived independently, able to climb stairs without help. The study was approved by the
Liverpool John Moores University ethics committee in the UK (REF: 18/SPS/024). After
theexplained pocedure, informed written consent was obtained from all participants.

4.2.2. Laboratorystaircase structure

Custom made instrumented staircase was used to take measurements in the laboratory
settings. This staircase was manghof seven steps in totadnd force platforms (1080Hz,
9260AA, Kistler AG, CH) were embedded in the lower four steps ftdm4 to obtain

kinetic data The staircase configuration followédilding regulations and guideligen

the UK (BritishStandardgnstitute, 1984). Custom made staircase configuratias
matched the design of a private home, with the set rise at 19.5cm (the vertical distance
from one step to the next) and the flat run at 23.5cm. Handrails were placed on both sides

of the staircase.
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Figure 4.1 Laboratorycustombuilt instrumented sevestepstaircase structurémage, first four steps

fitted witha force plate twentyfour infrared cameras were around the staircase

Figure4.1 showghe 7-step custom made staircase structlifee staircase steps and the

top landing and walkway stepgere independent structuresice it was placed ithe
desired position, the top landing was fixed, and the walkway was secured on the floor.
The structee did not separate or roll away from each other by connecting the metal
frameworks of each step using bopltsen staircase was connected to the top landing on
one side and the walkway on the other sideenty-four infrared camera system (120Hz,
Vicon, Oxford Metrics, UK) was used to obtaimematicdata.

4.2.3. Data collectiorprocedure

The participants ascended and descended the instrumented staircase at their own preferred
pace in a stepy-step mannerf@r example alternative limb lead on each step) with
handrails if needed he participants dressed in tigfitting Lycra shorts and shirts during

stair negotiatiomnd wore our instrumented sensor shéds/e-point safety harness was

fitted with all participantsand thissafety harneswas attached to the overhead belay
safetysystemto ensure safetyA trained member otfhe research team supportedch
participant's overhead belay safety systmhnolding the safety ropgystem attached to

the floor. Participarst performed a few familiarisation trials. After familiarisation,
participants performefive trials; the final three trials were selected for further analysis

among these ials.
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4.2.4. Data collection for sensor shoe and VICON system:

Figure 4.2 Lab data collection setup, left side image was sensor shoe with computer connected witl
Bluetooth in one side of the computer, the other side of the computer connected with VICON syste

side imagevas participant with markers and sensor shoe

In the laboratory, sensor shoe data was collected with VIGyNchromwusly. To
synchronse VICON data with the shoefitst, 6 Vi conés sync out port
an O0Ardui no mi cr olhenhis Arduihol mécrocoiatrollaid congectpdi n 6 .
to a laptop computer (Figure 4.2ext, wo Bluetooth (BLEBIuetooth Low Energy)

USPs (Universal Serial Port) connected with a laptapdaLabVIEW user interface was

created in that laptop computer. Bluetdoteends the signal to the left shoe, and

Bluetooth2 sends the signal to the righbe Figure 4.3).

When the vicon systeroollectsd at a , Viconds synchroni se |
signal 6 to Arduino. Ar dui nwhendlevoltagencacbess | vy

6greater than 3vé, this sends an O0HO® sig
stops collecting dat a, the O6Viconds syn
Arduino. On receiving this Apwuvpopbtagerds.i

signal to the LabVIEW.
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Data collection with VICON

SD card

BLE1
: Laptop (Lab
Arduino
VICON Sync out r
A Y Microcontroller _VIEW) { BLE2 .
Y S

Via Bluetooth

Lab VIEW Program _— e =
Computer connected Screenshot ey
with VICON 1 kiess

Figure 4.3 Sensor and VicoBystenBynchronisationA computer connected with Vicon system. Vicon
synchronization port was connected with Arduitioen this Arduino connected with laptop, which
containsa user interface to collect data froithe sensor shaeFinally, two Bluetooth dongkewere

connected to the computer to sigttad sensorshoe to start and stop data collection.

LabVIEW continuous} checksthed Ar d ui n o jtwhendapEW rpceives an

OHO6 sblagmAlIlEW sends a O0st ar tadsdicgted®luedootht o b
system to start data collection from the shoes. When LabVIEW recaived 6 s i gn a
LabVI EW sesidgnal @sitmpt he above manner to

Once the data collection is started, LabVIEW reads the data sent by the shoes and writes
them into an 6SD storage carddé with a oL
Unique file is closed when the LabVIEW receiles6 L 6 s i gnal Dbsyi gsneanldd
to the shoes. After finishing the trials, all the filesretransferred tahe computer from

anSD card for further analysis.

4.2.5. VICON data analyis

Full-body kinematics was obtained using a 15 segment (head, thorax, pelvis, upper arms,
lower arms, hands, thighs, shanks, feet)-hdbly sixdegres of freedom The knematic

modelwasdefined using 76 reflective markers (diameter 14 mm). The segmental data
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weredefined invisual3b ased on Dempst er (Osmpster §9b5ns s i 0 n
used geometrical volumes to represent each segrfidahavan Jr 1964)After data
collection, all kinetic and kinematic data were filtered using apasas fourtForder
Butterworth filler with a cutoff frequency of 6 Hz. Force plates were used to obtain gait

events.

Kinematicdata wereobtained using a 24 infrared camera system (120Hz, Vicon, Oxford
Metrics, UK).Kinetic data were synchronously recorded from four force platfafost
clearance, foatontact lengthatio and foot motion data were obtained using a 24 infrared
camera sysim (120Hz, Vicon, Oxford Metric§)K). Thep ar t i c i p shoesvM@re S e n
digitalised manually Thepar ti ci pant 0s -dmensicha outlire wae ' s
obtained by taking a picture of the sensor shoe outline drawn on an A4 paper (Fpure 4.
and impoted using ImageJ (National Institutes of Health, Bethesda, USA). The
coordinates of up to 600 virtual markers representing the individual shoe sole outline were
calculated in Matlab The position of three markers fixed on the shoe (first
metatarsophalanglgaint (RMPL), fifth metatarsophalangeal joif(RMPS) and calcaneus
lateral(RLCL)). And these markenrsere digitised in the twadimensional drawing using

the static measurementhese static measurements included the above three markers
position in a 3D(three dimensiog) space, which helpdetermine the position of the
shoe's virtual outlie relative tothe markersThe \wrtual outline of the shoe was then

projected in movement trials, again relative to the three markers.

The footclearancgFigure 4.4)was obtained during the swing phase when the virtual
shoe outline of the leading limb passed the valrposition () of the step edge up until

the outline passed the horizontal position of the step éJg&hle minimal clearance of

the virtual shoe was determined within this time frame. The minimal foot clearance was
determined for steps-1in all threetrials. The mean value across the three trials was

considered for further analysis.
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(A) (B)

Descending

Foot clearance

2

Ascending

Foot clearance

Stair
edge

Figure 4.4 Vicon foot clearance calculation of the right foasing the above dot model. A two-
dimensional outline of the shoe (A) was digitized and linked to three markers (first metatarsoph
joint: RMP1, fifth metatarsophalangeal joint: RMP5 and calcandateralis: RLCL) of the stal
measurement. The virtual outline of the shoe was then projected in the movement trials. Foot
was calculated as the minimal distance between the virtual shoe and the step edge, witfangt

colour area betweer and2 shown in(B).

We calculated the foatontact lengthr at i o using the foot tou
p | aplaeal on steps to 4. DistanceX was measuredhe distance between the step

edge and the posterior foot end of the virtual shoe &nd distancey is the distance
between the step edge and the most anterior foot end of the virtual shoe (&iglime

45).
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Figure 4.5 VICON Footcontact lengthratio calculation the Foot contaclength ratio
was calculated at touedown using the rigid virtual shoe (blue line) as: Foot placement
ratio = (x / (x +y)) * 100%.

Footcontact lengthatio was calculated using the formata— p 11 1. Phe nean value

across three trialsagcalculatel and used for further analysis.

4.2.6. Sensoshoedataanalysis

Sensor shoe development was explained in chapter3h&only summary of the foot

clearanceandfoot contact lengthatiois presengd in this chapter.

Ascending Descending

Front Distance sensor
B 4
Going .
Going
Vertical 2 Vertical Ix 1
\
clearance 1 clearance 2 | BackDistance sensor
Stair edge

Figure 4.6 Foot clearance calculation for sensofer ascending front distance sensor measures vertica
distance while crossing the stair edge, back distance sensor measures vertical distance while crossi

stair edge
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For descendingoot clearance was callated during the swing phaséien the sensor

shoebs

position (1)

back

For

ascendi

di st an c @Eigued.6) gassed thetép etigh'severtical a d i r

ng,

during

t he swi

ng

p h

sensor of the leadingnb passed the second step edge (2) before placing the foot on the

stairs.

Different sizes of sensor insole were created teditousshoesizes from 6 to 11. Each

sensor insole haddifferent number of sensors§he rumber was given for each sensor

from the toe as one to heel as number nine (last numibag.footcontact lengthratio

was calculated as below; for example, the below sensor insole has nine sensors; the

insole's total lengtlvas 26cm. The distance betwesamsors was 2.9cm which was 11%

of

t he whol

foot contact lengthatio.

(i !
»2.9¢m distance i {
between sensofs /{\J ")A,'
(12%of fook| b fll=e="

overhdng || Sl sl

L=

“M‘

F I

-
4
Yy

v

e

i nsol e

last 1sensor no force

last 2sensor no force

last 3rd sensor no force

last 4th sensor no force

l engt h.

(B)

89
78
67

56
©

Al'l the

90 88
80 77
70 66
60 55

Foot Contact length ratio mm
% % %

Ascending

I

placed on that stairs

Foot overhanging, remaining foot is

Descending

=3
)

Foot overhanging, remaining foot is
placed on that stairs

f orce

Figure4.7 Foot Contact lengthratio calculation (A) shows the flexible sensor insole with nine sentoe

distance between each sensor was2.9cm, (B) samplestateshow foot contact length was calculated

(C) shows the schematic representation of foot contact length calculation.
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Figure4.7 shows the footontact lengthratio calculation. For example, if all the sensors
have the forcesl00% of the foot iplaced on the stairs. If onthe last sensor does not
have any force (1009%1%=89%) 89% of the foot iplaced on the stairSupposedhe
last two sensors do not have forces, which means (ZE¥%-78%) 78% of the foot
placed on the stairs. Similarlthe remaining sensor forcegechecked to measure the
foot contact lengthratio. For descending foa@ontact lengtiratio, check front senofs
forces based on the forces and length of insole, fibe@ contact lengthratio was

calculated.
4 .3 Results

Sensotbasedstair fall risk parametergerevalidated with (weHestablished laboratory

method) VICON bagstair fall risk parameterg hree steps were used for validation,

U Stepl: Correlation coefficien{s and f) were calculated to measure tisensor
and vicon parameters relationship
U Step2: Regression was calculated to timelbest fit line.
U Step3: BlandAltman plot was created to check the agreement between the sensor
and viconparameters
Correlationchecksthe relationship between two variableepwinghow stronglythey
arerelated. The most common correlation techniques are Peansoproducimoment
correlatiorfcorrelation coefficient()) It is calculated athe covariance ratio between the
variables to the product of their standard dgwens. The correlation coefficient(r) ranges
from +1 to-1. This value helpget an idea of the relationship strengdtie correlation
coefficient(r) value closer to +1 showee strong positive linear relationship, close-10
shows the strong negative ihear relationship.R square is the square ahe
correlationcoefficientand indicates the percentage of variation explainedthsy

regression line out of the total variation
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4.3.1.

Foot ClearanceesultsbetweerSensomandVicon
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Figure 4.8 Foot clearance correlation coefficiené]resultsbetween sensors aMiCON(Laboratory Syster
(a) Step ondoot clearance correlation(b) Step twefoot clearance correlation(c) Stepthreefoot clearanct
correlation, (d) Stepfour-foot clearance correlatiof{e) Step fiveclearance correlation, (fiStep six-foot
clearance correlation, (gbtepseverfoot clearance correlation(h) All seven steps combinéabt clearanc
correlation. Stp one, step seven, and all seven steps combined foot clearance correlation ahughk

positive linear correlation betweetata from thesensos andthe VICON system

This study used the Pearson correlation to check the relationship between sensor foot
clearance and VICON foot clearandde correlation coefficient was calculated for each

step,atotal of 7steps with 3trials (N=75, 3trialsx25 participants) (Figure 4.8).

Table4.1 Foot clearance correlation resubistween sensors and VICON

Foot clearance calculatiorl Correlation coefficienti( ) | Linear Regression
Stepl 0.8751 y = 0.9983x + 0.2504
Step2 0.7198 y = 0.9347x + 0.255
Step3 0.9144 y = 0.9864x 0.1926
Step4 0.8454 y =0.9131x + 2.1111
Step5 0.8512 y =0.9301x + 2.3561
Step6 0.7289 y = 0.8625x + 3.0084
Step7 0.9211 y = 0.9504x + 0.8463
Mean of all 7steps 0.9654 Y =0.9611x + 0.8632
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In total, there were 25 participantes ach parti ci pantdés three t
used to calcul ate each x8A7®datd)$he ceanrvalelofat i o
three tri al s @suded wtcalcudteetizeroaeralt eorrelation coefficient
(25participants7steps=15 data points). The overgllable4.1) correlationco-efficient

was i 0.96and r= 0.967 which was closer to +Ishowed astrong positive linear
correlation between sensor foot clearance and vicon foot clearance. Step3 and step?7 had
a high positiveihear correlation@.9144 0.921), step2 and 6 had slightly less positive
correlation 0.71980.7289. stepl,4 and (8751 0.8454 0.8519 had better correlation

thanthe step2,6 and less correction than step3,7.

Table4.2 Foot clearance Pearson correlation relsettveen sensors and VICON

Pearson Correlations(r)
FC VICON | FC SENSOR
FC_VICON Pearson Correlation 1 .967"
Sig. (2-tailed) .000
N 175 175
FC_SENSOR | Pearson Correlation 967" 1
Sig. (2-tailed) .000
N 175 175
**_Correlation is significant at the 0.01 level (2-tailed).

A Table4.2shows, Pearson correlation results for overall foot clearance between sensor
and vicorr = 0.967 (p < 0.000). Becautde p-valuewas less than 0.05 (p < .0%henull
hypothesigno significant relationship) was rejected, dhdalternative hypothesisas
acceptd (there is astatistically significant relationship between sensor and vicon foot
clearance)Linear regression was calculated to find the best line that predicts sensor foot
clearance from the vicon foot clearance. The calculated linear segregsultsre in
table4.1.

The @rrelation coefficient describes the relationship between two variables (sensor and
vicon foot clearance), but it does not describe their agreqiilamd andAltman 1986)
Therefore, digh correlation does not mearmgood agreement between two variables. So,
the Bland-Altman plot was usedo measure the agreement between two variables by

constructing limits of agreemeniThese limits of agreement were calculated usiney
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mean and standard deviations of the difference betwleesensor and vicon foot

clearanceneasurement@land and Altman 1986)
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Figure 4.9 Bland-Altman plot of foot clearance between the sensor methodh@&\dCON method in tf
Laboratory. The Xaxis represents the average of the sensor and vicon foot clearaagés ¥presents tl
difference between sensor and vicon foot clearance. The indigo horizontal line denotes the mean
between sensor and VICON method which@asm while the top red horizontal line represents the u
limits of agreement (Mean difference+1.9&D of difference) which wag.8mm the bottom red lir
represents the lower limits of agreement (Mean differdn@6 SD of difference) which wast.7mm
Purple linesshowsthe confidence limit for the upper and lower limits of agreement. The Orange
circles are data poins, andwhenshownout of the confidence lingitheseare called outliersfour outliers
in total (4 out of 5 datapoints).The gange horizontal lineshows the line of equalitgndit is possible t
determine ifbias is significant or not. This equality line was within the confidence interval of the

difference, so the biasagnot significant(0.1 mm).

The scatter plot shows Blamdl t ma meénsent segults for sensor and vicon foot
clearanceThe X-axis represents the average of the sensor and vicon foot clearance

axis representshe difference between sensor and vicon foot clearance®tting
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difference against mean value helps findoasible relationship between measurement
error andhe actal value(Giavarina 2015)For example,fom Figure4.9, theaverage of
the differencesvas 0.05mm(bias). This mean difference was not zenich means that

on averagethe second method (sensdrog measures 0.0566mm mdieot clearance
than the firsmethod (VICON)

Repeatability is the degree to which the same method produces the same results on
repeated measuremernise standard deviation (SD) of all the individual differences was
calculated to measure repeatabjl@2y41mm. Approximately5% (10 of 175data points

of data pointsvere outliers and exeeed the upper and lower limit of agreemerite
ShapireWilk method was used to check the normality of the data point in differences
(vicon foot clearance datsensor foot cleance data). fie results (p=20) showed that
differences weraormally distributedThelimit of agreement wasalculateg95% of the
limits of agreementvas betweenthe upper limit (48mm) and lower limit ¢4.7mm).
Precision isthe degregconfidence lint) to which values cluster around the mean
distribution of valueswhich was the 95% confidence linat upper(4.1mmto 5.4nm)

and lower(-5.2mm to -4.0mm). The results measured ke VICON system maybe
4.8mm above od.7mmbelow in sensor measurement of folgaranceThis confidence

limit was small enough to be confident that the new method (sensor sibebe used

to calculate foot clearance in place of the VICON.
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4.3.2. FootContact lengthratio resultsbetween Sensor and Vicon

Sensotbased footcontact lengtiratio was validated with (wekstablished laboratory

method) VICON based fo@bntact lengthatio.
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Figure 4.10 Foot contact lengthratio correlation results betweetthe sensor and VICON (Laboratory
System)(a) step oneFoot contact length ratio correlation results, (b) step twoot contact length ratio
correlation results, (c) step threEoot contact length ratio correlation relis, (d) step fourFoot contact

length ratio correlation results. Among the four steps, step two shawigther positive linear correlation

betweerdata from thesensors anthe VICON systencompared to thether three steps.
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Four steps average foot contact length ratio correlation results betwe

120.00
100.00
80.00
60.00
40.00
20.00

0.00

SENSOR(Foot contact length%)

Figure 4.11 Four steps ombined footcontact lengthratio correlation between sensors and VICON

0.00

VICON vs SENSOR

9. 8"
o0

20.00 40.00

y =0.8394x + 14.082

R2=0.7709

60.00

80.00

100.00 120.00

VICON(Foot Contact Length%)

(Laboratory system) with high positive linear correlation

Pearson correlatiowas used to check the relationship betwibes e n s o rcongact f o ot

lengthr at i o

participants).In total there were 25 participante a ¢ h

and

sohtazQaevigthsatio fTheoxtrrelation coefficien{Figure
4.10 and Figure 4.11) was calculated for all four force plates (N=75, 3trals

participantos t

contact lengthratio were used to calculate all four force plates correlation coefficients

(25%x3=75 data).The ne a n

val ue

o f cdntaat lengthratior wassused

calculatethe overall correlation coefficient (25participaxtsteps=100 data points).

Table4.3 Footcontact lengtht at i o0 6 s betweerr sensoastand &/ ICON

lengthratio

Footcontact lengthatio Correlation coefficien] Regression

@
Force platel(FP1) 0.6851 y = 0.8357x + 14.671
Force plate2(FP2) 0.7799 y = 0.8043x + 15.542
Force plate3(FP3) 0.6851 y = 0.8727x + 12.441
Force plate4(FP4) 0.6551 y = 0.7068x + 24.143
Combined Footontact 0.7709 y =0.8394x + 14.082
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The overall correlation coefficielfTable4.3)wasi  0.77andr= 0.878 closer to +1,
showed a high positive linear correlation between sensorctodact lengtrand vicon
contact lengtiratios Force platel,3 and 4 had a moderatsitp@ linear correlation

@ 0.6851 0.6851 0.655) andForcePlate2(FP2had high positive linear correlation
(0.7799. Linear regression was calculated to find the best line that predicts sentawt
lengthratio from theVICON contact lengtatio. The calculated linear regression results
are in table4.3.

Table4.4 Footcontact lengthiatio Pearson correlation

Pearson Correlations
FO VICON | FO SENSOR

FO_VICON Pearson Correlation 1 .878"

Sig. (2-tailed) .000

N 100 100
FO_SENSOR | Pearson Correlation .878" 1

Sig. (2-tailed) .000

N 100 100
**_Correlation is significant at the 0.01 level (2-tailed).

A Table 4.4 shows, Pearson correlation results for overall fomttact lengthratio
between sensor and vicon 0878 (p < 0.000). Becaudhe p-value was less than 0.000

(p < .000),the null hypothesis (no significant relationship) was rejected, ted
alternative hypothesis was accepted (there is a statistically significant relationship
between sensor and vicoontact lengthatio).

The @rrelation coefficient describes the relationship between two variables (sensor and
vicon contact lengthratio (Table 4.4)but it does not describe their agreeménhigh
correlation does not meagood agreement between two variablestiseBland-Altman

plot was usedo measure the agreement between two variables by constructing limits of
agreement. These limits of agreement were calculated ushgymean and standard

deviations of the difference betwesensor and vicon foot clearanoeasurements.
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Figure4.12 Bland-Altman plotof foot contactlengthratio agreement between the sensor methodthe
VICON method in the Laboratoryhe Xaxis represents the average of the sensor and vicorcéobac
length ratig Y-axis represents the difference between sensor and vicorofttatct length ratioTheindige
horizontal line denotes the meatifferencebetween sensor and VICON metheklich was-2%, while
upper redline represents the upper limits of agreement (Mddference-1.96 SD of difference whict
was%, the lower redline representgshe lower limits of agreement (Meadifferencel.96 SD of
differenc@ which was-13.9%. Purple lines shows the confidence lisrfiir the upper and lower limits
agreementThe Orange small circle are data pantvhenshown oubf the confidence linstare callec
outliers, four outliers in total4 out of 100 datapoints)The Orange horizontal line shows tHime of
equality, it is possible taletermineif bias is significant or not.This equality linewas not within the

confidence interval of the meanfdifence, so the bias is significap2%).

The scatter plot shows Bladl t mandés agr eement r efeott | t s
contact lengthratio. The X-axis represents the average of the sensor and ¥omin
contact lengthratio; Y-axis representthe difference betweethe sensor and vicofoot
contact lengthatio. Plotting thedifference againghemean value helps to firmpossible
relationship between measurement errorastdalvalue. FronFigure4.12 the average

of the differencesvas -2%(bias). This mean difference was not zevbjch means that

on averagghe second method (sensbtiog measures2% morefoot contact lengthatio
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than the firstmethod (VICON) Repeatability is the degree to which the same method
produces the same results on repeated measureieattandard deviation (SD) of all
the individual differences was calculated to measure repeatabilig)o. Approximately
4% (4 of 100 data poinfsof data pointsvere outliers and exeeed the upper and lower
limit of agreementShapireWilk methodwas usedo check thenormdity of the data
point indifferences (vicorioot contact lengthatio -sensoifoot contact lengthatio), and
the results (p266 showed that differences wenermally distributedLimits of the
agreementvere calculated 95% of thelimits of agreemenivere betweenl10% (upper
limit) and-13.90% (lower limit). Precision isthe degregconfidence limit)to which
values cluster around the mean distribution of valudsch was the 95% confidence
limit for upper (7.8% to 12%gnd95% confidence limitor lower limits of agreement (
15.97% to-11%).Therefore, hefoot contact length raticesults measured hige VICON
systemis -13.91% lessor 10% morethansensotbasedneasuremest This confidence
limit was small enough tensurethat the new method (sensor shoa)ld calculatethe

foot contact lengthatioin place of the VICONnethod

4.3.3. Cycle time (CadencegsultsbetweerSensomndVicon

Sensotbasectycle timewas validated witljwell-established laboratory method) VICON
basedcycle time

Cycle time validation Vicon vs Sensor

@ 2.50
[} y =1.1057x + 0.1052
£ 2.00 R2 = 0.6962 L —
e ess
L>), 1.50 ° .:_.-.-"‘.. ()
o o
O )
2 1.00 29
@ e®
0 050
©
S 0.00
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Sensor average cycle time(s)

Figure4.13 Cycle time correlation results between instrumented sensor shoe and Vicon, moderate positive

linear correlation
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Pearsorcorrelationwas used to check the relationship betwierinstrumentedsensor

shods cycl e ti me anThe driel@ionmtéefficientfFigureddiwasme .
calculatedas an average cycle tinh@r each participantN=25, 3trialsx25 participants).

There were 25 participants ac h par t i ci @f ayod tihnewvereaeragedo t r i a
calculate correlation coefficient¥he overallcycle timecorrelation coefficient (Figure

4.13) was®= 0.69, closer to +lwhich showeda positive linear correlation betwedne

sensor shoebds cycle time and vicon cycl e

Table4.5 Cycle time's Pearson correlatimgsultsbetween sensors and VICON method

Correlations
sensor vicon

sensor Pearson Correlation 1 .835"

Sig. (2-tailed) .000

N 25 25
vicon Pearson Correlation .835" 1

Sig. (2-tailed) .000

N 25 25
**_Correlation is significant at the 0.01 level (2-tailed).

A Table 4.5shows, Pearson correlation results for ovenatle timebetween sensor and
vicon r= 0.835 (p < 0.000). Becaughe p-value was less than 0.000 (p < .0Gag null
hypothesisthere isno significant relationshipetweersensor and vicoaycle timg was
rejected And the alternative hypothesis was accepted (there is a statistically significant
relationship between sensor and viaycle timg. Linear regression was calculated to
find the best line that predicts senspcle timefrom the vicorcycle time The calculated

linear regressiofFigure 4.13Yesultsy = 1.1057x + 0.1052

The @rrelation coefficient describes the relationship between two variables (sensor and
viconcycle time(Table 4.4) but it does not descrilibeir agreement high correlation
does not meaa good agreement between two variables.tB®Bland-Altman plot was
used to measure the agreement between two variables by constructing limits of
agreement. These limits of agreement were calculated using mean and standard

deviations of the difference betwesensor and vicoaycle timemeasurements.
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Figure 4.14 Bland-Altman plot of cycle time between thexs& method andhe VICON method in the
Laboratory. The Xaxis represents the average of the sensor and vicon cycle tiands Yepresents the
difference between sensor and vicon cycle time. The indigo horizontal line denotes the mean difference
betweerthe sensor and VICON methpahich was 0.22s, while upper red lines represent the upper limits

of agreement (Mean difference+1.9&D of difference) which was 0.58s, the lower red line represents the
lower limits of agreement (Mean different®6 SD of difference) which wad).15s. Purple lines show

the confidence limdtfor the upper and lower limits of agreemenhere are no outliers in the cycle time
because no data point has gone out of the confidence TietOrange horizontal line shows the liné o
equality,andit is possible tadetermineif bias is significant or not. This equality line was not within the

confidence interval of the mean difference, so the bias is signif@229.

The scatter plotshowsBlas®ll t mands agr eement rcegclketuniet s f o
The X-axis represents the averaggnsor and vicon cycle time; theaXis represents the
difference between sensor and vioycle time Plotting thedifference agaistthemean

value helps to finda possible relationship between measurement erroreaid/alue.

From Figure 4.4, the average of the differences wags(bias). This mean difference

was not zero, which means thah averaggethe second method (sensoonshmeasures
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.22s less cycle timghan the first method (VICONRepeatability is the degree to which
the same method @duces the same results on repeated measureridetstandard
deviation (SD) of all the individual differences was calculdtegheasure repeatability
which was.186&econdsShapireWilk method was usetb checkthe normality of the
data point in differences (vicarycle time-sensorcycle timg, and the results (p:86)
showed that differences were normally distributedally, limits of theagreement were
calculated 95% of the limis of agreemenwerebetweer0.58s (upper limit) and-0.15s
(lower limit). Precision is the degree (confidence limit) to which values cluster around
the mean distribution of values, which was the 95% confidemie of upper limits of
agreemen(0.45to 0.7X) and the 95% confidence limit of lower limits of agreement (
0.2&t0 -0.01s). Theresults measured lifie VICON system may b8.1secondsabove
or 0.5%econdselow in sensor measurementaycle time This confidence limit was
small enough t@nsurethat the new method (sensor shoald calculatecycle timein
place of the VICON method.

4.4 Discussion

There are different approaches available to track human mwafitbrthe main ones being
Optical motion systems (such as Vicon or Optotrak) and commercial IMU sensors such
as MTw(Xsens)However, he most widely usedna accepted system to track stair
climbing motion is optical motion systems because they have high accuracy when
operating in controlled environments. This Vicon optical motion system was used in our

lab, so this was chosen to compare against the sbesea results.

Instrumented shoe derived fall risk parameters such as foot clearance, foot contact length
and cycle time were validated against the Vicon system. There were two different
methods used for this purpose based on correlations and the BlarahAltots (B&A).

The mrrelation coefficient describes the relationship between two methods (sensor and
viconysensor shoebd6s foot clearance, foot con
positive linear correlation with parameters measured with tleenvsystemBut this
correlation does not describe their agreem@iand and Altman 1986)A high
correlation does not mean a good agreement between two variables. So, th&l@hamd

plot was used to measure the agreement between the two methods by constructing limits

of agreement.
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The B&A plot system does not express if the agreement is sufficient or suitable to use a
method or the other indifferently. It simply quantifies the bias arahge of agreement,
within which 95% of the differences between the two measurements are included.
Therefore, v need to definéhe maximum acceptable difference (limits of agreement
expected) between the two methods. For example, ninbis set as an acpéable
difference for foot clearance between the sensor and Vicon means that if the sensor
measurement is Bim more or less thatihe Vicon system measurement of the same
parameterit is then acceptediext, we need to compattee bias and limits of agreemt

results with prior acceptable differences. If both biaslanits of agreement (LoAjall

within the acceptable difference, the new method(sensor) may be used interchangeably
with the established method (VicorQn the other handf the bias and lints of the
agreement exceed the acceptable difference, the new method(sensor) would be

considered unacceptable in practice.

This research set 5mm dsetmaximum acceptabldifference for foot clearance. The
B&A pl ot resul ts s ho wetdcleatahca tmeadutereenisre ns o r
0.05mm(bias)and the limits of agreements results were from 4.7mpd.8@mm. This

range falls within thenaximumacceptable difference, so this method of calculating foot

clearance can be used in the future.

The maximum acceptabldifference for foot contact length was set at 15% for this
research. The B&A plot results showed tithé s ens or shoeosgthf oot
measurementaere-2%,(bias) and the limits of agreements results were from 10% to
13.9%. This limit falls within the acceptable difference, so this method of calculating foot

contact length can be used in the future.

The maximum acceptabldifferenc for cycle time for this research was set 0.5seconds.
The B&A plot results showed t hatwetedZ2 sen
seconds(bias)and the limits of agreements results were from 0.5 sectmeB.14
seconds. This limit comes withihe acceptable difference, so this method of calculating

cycle time can be used in the future.
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This 95% limit of agreement was small enough to be confident that the new method
(sensor shoe) can be used to calculate foot clearance, foot contact lengihdatycle

time in place of the VICON method.

4.5 Conclusion

In this chapterthes ensor shoeds falll ri sk thpvacona met e
system using correlation andeBl and Al t man pl ot met hod.
parameter had a high ptige linear correlation withhevi con system. Sens
risk parameters results for Bland Altman plot was within the acceptable diffemce.

this sensorlse can be used in the future to calculate foot clearance, foot contact length
ratio andcycle time. In the future need to extract more fall risk parameters using sensor

shoes, and those parameters should be validated aghiegicon system.
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CHAPTER 5: stair fall-risk parameters

comparison betweescontrolled environment

and uncontrolled environment
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5.1 Abstract

One of thesignificanthealth problems for older people is fallingthe stairs.ldentifying

stair fall risk factorsaremostly limited to a controlled environment, withgiven set of

stair dimensionsThese identified staifall risk parameters are usefuHowever, it
remains unknown whether the conclusions drawn wouldgtillyto the testing that talse

place in other domestic staircases with different dimensions. The purpose of this study
was to investigate whether selected biomechanical stepping behaviour such as foot
clearance, percentage tife foot placed on the stairs (foabntact lengthratio), and
cadenceare maintained when the staircase dimensiaredifferent. Twentyfive older

adults (>65 yearsyalked ina custom made sewetep laboratory staircase (rise 19.5 cm,
and a going 23.5 ¢mand threed i f f er en't Lai kduses ThE xnederp |
Exemplar house Gtaircase containone winder staircas and twostraight staircase

Three important biomechanical factors of stair fall risk were meassied instrumented
sensor shoesMatlab was used to extract fall risk parameters fitoecollected data. In
SPSS, onevay ANOVA was used to compare fall risk parameters for each step in
different h o u sseaiscase. In addition, hboratoy-basedfall risk parameters were
compared withhouse resultsThe irst ANOVA results suggestesignificant differences

in the houses' selected stair fall biomechanical factAnd the secondANOVA results
indicaed significant differences betwe&boratoryand house for the selected stair fall
biomechanical factors.Finally, the third ANOVA results suggested significant
differences betweethe Fallersand nonFallers groupsvithin thelaboratoryand houses

for the selected stair fall biomechanical factors.
5.2 Introduction

In daily life situations, people encounter a wide range of staircases vaitbus
dimensionsand all have a different influence on the risk of falling. Staircase dimensions
are essential to avoid stair falesxdthe dimensions of the steps in stairs @anplify the

risk of falling (Scott 2005) The staircase going Vétal in determining the percentage of

foot length placed on a staiead. The staircase risers are also very important. If the risers
are huge, older people may fatigue quickly and become vulnerahkttip. When risers

are very small or shallowglder adultamay be tempted to take more than one step at a
time, which eads to more chances of misstepping. The steepness or pitch of a stair may

also influence the likelihood of a fall.
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The UK Building regulations permit a private staircase to be made up of individual steps
with each rise between 14220 mm and a going lgth between 22850 mm and a
maximum incline of 41.5°. Similarly, the public staircSeott 2005}0 be made up of
individual steps wth each rise between 1:0®0 mm and a going length between 250
350 mm and a maximum incline of 38°. These ranges permit a considerable variation in

staircase design.

The staircase structure can magnify the demands placed on the individual. For example,
steep staircases create larger loading forces at foot contact and cause a more significant
redistribution of forces at the joints than less steep staircases. It is also known that the
transition steps from the level onto the stairs or from the stairs ontevibleare more

demanding than the continuous stepbatweenRoys 2001)

More importantly, staircases with inadequate step tread to safely place the foot can restrict
movements and threaten safety. Additionally, a stair with a higher riseroie m
challenging for older adultsith higher muscle weakness. It has been found that older
adults can safely negotiate stairs with a lower step (Bertucco ad Cesari 2009)
compared to younger adultsis alsoevidenced that even for standard step risers, older
adults operate closer to their maximum capacities of joint range of n{Saomuel, Rowe

et al. 2011)thus increasing their risk for a fall. Risky techniques employed by older
people during stair negotiation can also increaseisheof falling. Older people might
change their techniques over time because of their functional impairments or fear of
falling (Zietz, Johannsen et al. 201Bor exampleplder adults may have a large foot
overhang on landing when stair wiagg and higher variability in foot clearan@idamel,

Okita et al. 2005)both of which increase the risk for a slip or trip on the stairs.

Identifying stair fall risk factors are mostly limited to a controlled environment, with a
given set of stair dimmesions However it remains unclear whether the conclusions drawn
would still apply if the testingpccursin a different domestic staircase with different
dimensions. So, th study ains to examine older adults fall risk ia controlled
environment@borabry) as wellasreal i me houses (LJMUGs Exer
purpose was to investigate whether selected biomechanical stepping behaviour such as
foot clearance, foatontactlengthratio andcadencavasmaintained when the staircase

dimensionsveredifferent.
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5.3 Hypothesis 1

Selected biomechanical stepping behaviour such as foot clearanceoiitatt length
ratio and cadencevas not maintained when the older participants negatidkeee
LIJMUOGs Exuwepl at ahocase.

5.4 Hypothesis 2

Selected biomechanical stepping behaviour such as foot clearanceoifitett length
ratioand cadenceasnot maintained when the older participants negdtist&ircases in
the controlled environment(labatory) and unconwulled (realtime houses staircase)

environment.

5.5 Hypothesis3

Selected biomechanical stepping behaviour such as foot clearanceoiitatt length
ratio and cadencgvas not maintainedetweenthe high-risk groupand low-risk group
when they negotiatél staircaseswithin the controlled environmenigboratory and

uncontrolled (reahouses staircase) environment.

5.6 Methods
5.6.1. Participants

Twenty-five older adults participated in this study (female:20; male:5; age:70.72+4.0Y;
bodymass:70.18+10.0kg; body height:1.62+0.06m; mean and standard deviation). All the
participants were recruitedom the local community of Wirral and Liverpool, UK. All
these participants lived independently, able to climb stairs without help. Thevsisdy
approved by the Liverpool John Moores University ethics committee in the UK (REF:
18/SPS/024). Aftetheexplained procedure, informed written consent was obtained from

all participants.

5.6.2. Staircase configuration

The measurements were conducted inthdUb s Exempl ar h-louilt s e s ¢
sevenstep staircase in tHaboratory Liverpool John Moores University (LJMU) has a
branch of the BRE (Building Research Establishment)yn ovati on Par k on

Campus openedin September 2016. Thieanovation Park consists of three Exemplar
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houses (Figuré.1) thatLJMU and BRE us#o provide test facilities. These three houses
have been constructed usistgircasalesigrs from the 1920s, 1970s and18%.

Figure5.1 LIMU's Exemplar Housevhich contains three houses

The Exemplar houses have three different staircdBégure 5.1). Space (area) was
consideredmessential factor in choosingi f f er ent st aircases for
19206s hous astraightastaincaseg whech runa straight from the ground floor
landing to the top floor landing with 12 steps arfthndrail. The standard staircase going
(width) wasbetween 22cnto 30cm andthe standard rise (heightyas15cm to 22cm.

The 192006s house staircase used 23cm go
maxi mum ri se). Th ewall@8erttee 8920s,rexcepibrahe Saircaser c a s
location(thel 9 7 0 6 s s tsatnexttodhe entrance slg@ndthel 9206s st ai |
was placedin the middle of the house between two rooms). The staircase comprises a
single linear flighthatdoes not change direction. (Figg€ f or 1920 and 1

starcase)
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Figure 5.2 1920's and 1970's staircase design

The 20 6 s e x e mp | awinden starcase, withatdteps and no handrail. The
winder stairs were like dshaped stairs, but instead of a straight landing, these stairs
incorporate a 9@egree turning at the start and the endhefstairs(Figure5.3). The
winder stairs createelxdting features witha seamless transition and saved more space
without landing. However, these stairs were more challenging to navigate than other

stairs. It is also true thatgotiatingwinder stairs requirenorecentre support.

Winder staircasaas narower on one side than the other. A series of winder stairs form
a half circularshaped stairway. Three stepsre used to turn a 90degree; thiermedia¢
stepwas called a kite winder as it looks similar to a isteaped quadrilaterdfigure5.3
shows the 2010s houseds staircase.
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Figure 5.3 2010's staircase design

The measurements were conducted on a custade instrumented sevsitep staircase

with handrails on each side in ttadoratory The stais had a top and bottom landing of
sufficient lengthto complete an entry and exit phase. Each step had a riser height of 19.5
cm and a going length of 23.5 cm, within the current UK building regulations for
commercial and private properti€Regulations 2000)Each of the bottom four steps
contained a forcelatform (FP; Kistler) sampling at 1080 H2uring this studywhilst

on thestaircasepur participants wore a passive overhead safety harness operated by a
trained bedyer Figure5.4).
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Figure 5.4 Laboratory custom built instrumented sexsap staircase structure

5.6.3. Procedures

Data collection took place with two sections lasting approximately 2 hourssitbrt

break between the sectiosstrumented sensor shoe was used for data colledhisn
sensor shoe design and fall risk parameters calculathsexplained in chapter3 and 4.

The first section was in tHaboratory and theparticipants completed thgergBalance
assessmentgprevious fall historyand fear of falling question®ll participants were
familiarisedwith the custom builtaboratorystaircasdeforedata collectionParticipants

wore tightfitting clothes and instrumented sensor shoes based on their shoe size and
markers during familiarisatiorAnd then, participants werétéd into the Epoint safety
harness connected to an overhead safety rail via cop&olled by a trained member of

the research team who was also secured via rope to the floor. The participants navigated
the stairsstepoverstepand were permitted tase the handrails if they wished. They
could ascend and descend as many times as thegdvuntil they were comfortable
(usually two of each). After familiarisation, participants performed five more trials with
the final three trials used for data anadysi

After the break, the second section was &
were familiarised with all three exemplar housstaircase before the data collection.
Participants wore comfortable clothes with sensor shoesnarkers and cagnas were

used in the houses. Sensor shereda computer vereused to collect data in the houses.

Sensor shak data collection procedure was explained in chahter
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All participants performed thresscending and descending trimseach house (3 houses
x3ascending«3descending) im total of eighteentrials. The participants navigated the

stairsstepoverstepand were permitted to use the handrails if they wished.

5.6.4. Data analysis

The percentage of foot contact length indicates dlipinduced fall risk due to foot
positioning relative to the step edgé reduced percentage of foot contact length is
associated with greater fall risk. Foot clearance indicatesnttijpced fall risk, where a
smaller foot clearance is associated wgfteater fall risk. So, in this study, these

parameters were analysed to measure the fall risk.

For thelaboratorydata, thefoot clearance and percentage foot contact lerigénfoot's
3D motionwere captured using 24 infrared Vicon cameras, coveringvtizde stairs,
landing, and walkway (120 Hz, Vicon, Oxford Metrics, UK). Kinetic data were
synchronously recorded from four different force platforms (1080 Hz, 9260AA, Kistler
AG, CH), embedded in thatairs' lower four step(Stepi4, see Figre5.4). Fod markers

were placed on the lateral and medial malleolus (ankle), first and fifth.phatange

joints (base of big and little toe) and on the posterior calcaneus (heel). Additional markers

were placed on the lateral and medial calcareus a rigid cluger of three markers ag

placed over the toes. A rigid 2D surface model of the shoe sole outline was created by

tracing theshoes' outlin@nto paper. The outline was digitised, and the position of each

digitised point was referenced from the centre ofléiberal calcaneus origin to the first

and fifth metaphalange markers. These markers were tracked throughout the movement

trials. The digitised shoe sole boundary was used for foot cleatanietermine the linear

distance to the stegrlge (duringheswing). For percentage foot contact length, the linear

distance between the furthest forward (ascent) or backward (descent) point of the outline

to the stepedge was calculated and convertecatpercentage of the total length. To
calculate foot clearance and percentafy@ot contactiength, kinematic and kinetic data
imported into Matlab (R2017b, ThelathWorks Natick, USA) along with stepdge

locations (defined by custemade clusters of lawn dimensions), the participant static

calibration, and the digitised shoe sole outlines (ImageJ: National Institutes of Health,

Bethesda, USA).
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The sensor shoe synchronised with the VICON system in the labgratobpth sensor

and VICON dataverecollectedsimultaneouslyln addition, ensorsho® f oot <c | e a
was calculated frorthe distance sensor, percentage of foot contact length was calculated
from the FSR sensor insole. For detailed informatiogfer to chapter3gensor shoe

development

Desceding stairs fast may result in a fall, as an increased speed could negatively modify
the foot clearance and foot contact lengthergfore, lhe average duration of two gait
cycles (one of the left limbs and one of the right limbs) was taken as a cadestarf

ascent and stair descent. In addition to foot clearance, foot contact length and cadence, the
trial-to-trial variability of these parameters were also calculated as the average of the
variability across the three trials for each of the analyssusstariability is a risk factor

for falls, as morevariabiltyc an i ndi cate a persondés 1inab

movement patter(Hausdorff, Zemany et al. 1999)

5.6.5. Statistics

Older adults were followed up for 6months after testiaged on the occurrence of a fall
in the 6months, older adults were classified if@iers and norfallers. A fall was seH
reported and defined as an event thatlvertently resulted in a person coming to oest

the ground or floor or other lower level.

Three ANOVA comparison tests were conductéuk first ANOVA testcomparedhe
difference in fall risk parametebetween individuals in different houséndependent of

fall history). Oneway ANOVA and posthoc tests were conductetith alpha level 0.5.

Posthoc analyses were Tukey's HSD tests to account for multiple comparisons. Raw data
from three trials for each housg§trials for each participan®trials for ascendg and

Otrials for desceridg), atotal of 25 participants {8x25=450 total trial data),and each

step treated separately, i.e., individual analyses performed for each of the eleven steps to

compare between the house.

The second ANOVA test was conducted to compare the difference between laboratory
and houses (independent fafilow up fall details). There were seven steps in the
laboratory; foot clearancgascalculated for all seven steps in the laboratory. To compare

this severstep foot clearance with house data, only first, fourth, fifth, sixth, seventh,
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eighth, and lastteps foot clearance were considered for houBes.foot contact length

ratio was calculated for four steps where force plates were plateelaboratory.Only

the first fours t efpos addntact lengths were considetedcompare this foustep foot

contact length with a house

The hird ANOVA testinvestigateddifferences in fall risk parameter measuvathin

each conditionl@boratoryv er sus exempl ar houseso

st ai

groups fallers versusnonfallers). A mixed ANOVA (Analysis of Variance) test ag

conducted for ascent and descent. In the case of significant interactions, posthoc tests

wereperformed whereappropriate. Podtoc analyses were Tukey's HSD tests to account

for multiple comparisons. Alpha level was set at 0.05. For this testath vereaveraged

for all three trialsonly start, endand middle stairaveragediata wereused to compare

laboratoryand houses.

5.7 Resuls

5.7.1. Differences betweerthreehouseé s t aluringstairsagcent

Interval Plot of cadence vs House _era
95% Cl for the Mean
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Figure 5.5 Interval plot for difference of mean adenceor three housest displaysthat older peopl
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There was a significant differend&igure 5.5and Figure 5)in cadence between
different house stairs (F (2,224) = 25.52, p = .00. Similar cadence was used in the 1920
and 1970s house stairs (M=0085M=0.8®s). In contrast, older adults took more time

to climb 2010s stairs due to winder stairs (M=%)08hese results showed that older

adults were more cautious while using difficult (winder) stairs.
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Differences of Means for cadence

T
I
I
|

1870 - 1920 | * —
i
I
|
I
I
|
I
:
I

2010 - 1920 - : | . |
I
I
I
I
I
I
I
I
I
i

2010 - 1970 ! i . |
I
I
I
i

-0.2 -0.1 0.0 0.1 0.2 03 0.4
if an Interval does not contain zero, the corresponding means are significantly different.

Figure56Conf i dence interval (Cl') for the thr
for the (20101970, 20161920) thesehousepairs of means rangdoes not include zero, wh

indicates that the difference is statistically significant.

Older aduls oot clearance increasedtilel 9 7006s staircase (Figu
therewas a main effect of different staircase dimension on foot clearance over step7 (F
(2,224) = 3.39, p =.0036). Pdsbc comparisons (Figure 5.8) revealed that increased foot
clearance in the 198 ( M=3 0. 23 mm) compared t0192060s
M=26.122 mm) staircase. These 192006s and 2010
increase in the chances of falling. There were no changes in foot clearance during the

entry and exit steps in different hogsétaircase
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Interval Plot of step7_Land_FC vs House_era
95% CI for the Mean
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Figure 5.7 Interval plot for the difference of means in step7 foot clearance for three hot
displays that in step7 older people have more clearance in 1970s house compared to oth
foot clearance
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Figure58Conf i dence interval (Cl) for the thr.
intervals for the (197920 housepairs of means range does not include zero, which indicate
the difference is statistically significant.
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Below Table5.1 describes more about individual steps foot clearance in three different
housesEven though there weréght differences inlie foot clearance between different

houses, these differences were not statistically significant efaregiep?.

Table5.1 Foot clearance Mean for all three houses (ascending)

Foot Step | Step | Step | Step | Step | Step | Step | Step | Step | Step | Step
clearance 1 2 3 4 5 6 7 8 9 10 11
1920 26.72 | 27.94 | 26.26 | 27.94 | 27.68 | 28.34| 25.01 | 29.37 | 25.44| 30.50 | 27.89

Mean+ + + + + + + + + + + +
Standard 1350 17.52 | 11.44 | 13.27 | 1447 | 1439 | 11.12| 1456 | 11.76 | 12.50 13.89

deviation

1970 29.08 | 26.44 | 26.84 | 28.85 27.44 | 26.72| 30.22 | 27.42 | 26.37 | 27.01 27.92
Mean+ + + + + + + + + + + +
Standard 14.12| 1350 12.25| 13.36| 1256 | 12.56 | 14.13 12.68| 11.58 | 12.38 13.78

deviation
2010 26.84 | 26.17 | 28.24 | 27.76 | 29.14 | 26.93 | 26.12 | 29.22 | 28.38 | 27.89 30.13
Mean+ + + + + + + + + + + +

Standard | 13.47 1317 | 14.45 14.45 1401 11.76 1331 1461 1281 1316 1452
deviation

Ol der adultsd6é percentage teROlbosost anamtaste
less going on the stair dimension. There was a main effediffefent staircase
dimension on percentage of foot contact length over step3 (F(2,222=83.127 ,p=0.0000))
and step4 (F(2,222)=80.8540,p=0.0000)).Fmst comparisons revealed that decreased
percentage of foot contact lengfidure5.9andFigure5.1in2 01 06s st ai r cas
and step4 (M=59.29% at step3, M=59.29% at step4) compare@@dls ( M=74. 90
step3, M=73.78% at step4) and7/096 s ( M=83. 36 % at step3, M =
to the winder staircase i n 2 Gobt@dntsctlbngtn s e,
significantly reduced, which may initiate the siimluced fall. Due tothe straight
staircase inthel1 920s and 1hgpe@dentage bfdootsantact length were not
significantly different, except the step3 and step4. Howether percentage of foot

contact lengthis significantly different forthe 2 01 06 s st the atheraigoe a n

staircases fotheremaining steps.
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Figure 5.9 Interval plot forthe difference of mean ifoot contact length ratio for three houses, it displays
that in step3 older people have more foot contact length ratio in 1970s and1920s house compared to other
houses foot contact length ratio
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If an interval does not contain zero, the corresponding means are significantly different.

Figure510Conf i dence interval (Cl) for t ht@ehetonfidemee di ff
intervals for all three house pairs of means rangendbinclude zero, which indicates that the difference
is statistically sigrficant for all three houses.
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Below Table5.2 shows the significant percentage of foot contact length among three

houses for all steps.

Table5.2 Post hoc result for foatontact lengti{FCL) ratio for each step in all three houses (ascending)

Posthoc
result for
Foot contact Degree of
lengthratio ' 54, 1970 1920 Sig. freedom | g niicant
N=75 g D (2.222) | gioor
Subset for Mean Mean Mean F 1=2010,
alpha = 0.05 2=1970&192,
3=1920
FCL1 67.0133 78.3467 79.2000 0.000 35.7710 1,2
FCL2 62.0133 75.9867 79.3600 0.000 64.2140 1,2
FCL3 59.8000 74.9067 83.3600 0.000 83.1270 1,2,3
FCL4 59.2933 73.7867 79.6133 0.001 80.8540 1,2,3
FCL5 61.3067 74.4533 75.1600 0.000 32.4600 1,2
FCL6 59.8533 73.3067 74.2400 0.000 51.2870 1,2
FCL7 62.1867 74.5467 74.5467 0.000 26.5450 1,2
FCL8 59.4133 72.9200 73.7067 0.000 52.5330 1,2
FCL9 62.6933 74.3733 76.8933 0.000 31.8210 1,2
FCL10 60.4267 73.0533 74.5600 0.000 46.3970 1,2
FCL11 65.3867 79.7200 82.0933 0.000 61.6030 1,2

5.7.2. Differences betweerlLaboratoryandHousedduring stairs ascent

The secondANOVA test was conducted to compdhe difference betweeraboratory

and houses (independent of follow up fall details). There were seven steps in the
laboratory foot clearance was calculated for all seven steps itati@atory Only the

first, fourth, fifth, sixth, seventh, eighth, and last steps foot clearavesagewere
considered for housde compare witHaboratorydata Forthe laboratory, foot contact
length was calculated fahe firstfour stepsplaced on force plate©nly the first four

foot contact lengthBom the hous&vere consideretb compare with &boratory(Table

5.3).

Older aduls dadence decreasedtime house staircase comparedthe laboratory. For
example different environments' main effeon foot cadence F (1,98) =8.17, p=.005.
Posthoc comparisons revealed decreasecticed inthe house (Mean=0.9keconds)
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compared tdhe laboratory(Mean=1.07seconds) staircagtowever, acending results

showedno significant differencén cadencevariability between houses ataboratores

Olderaduls ént ry st e p sderehsedithehousesstircasecomeparedhe
laboratory For examplethe main effect wasnfoot clearancen different environments
over steplF (1,98) =5.54, p=0.021Posthoc comparisons revealetkcreased foot
clearane in the house (Mean26.24nm) compared tdhe laboratory(M=31.24 mm)
staircaseThere was no significant difference in foot cleararaxéability between houses

andlaboratoresduring the first step in different environments.

Older aduls ani d d | e foos ¢learpnsadcreased in house staircase compared to
laboratory For examplethe main effect wasnfoot clearanceén different environments

over step2F (1,98) =14.83, p=0.00Rosthoc comparisons revealedcreased foot
clearance in théouse (Mean=27.66 mm) compared to kaeoratory(M=20.25mm)
staircase. Older adgltoni dd |l e st e p s Oaridbility ibhcreasdd enahowse c e
staircase compared #olaboratory For exampledifferent environments' main effeoh

foot clearanceariabiity over step2  F (1,98) =6.72, p=0.01Posthoc comparisons
revealed increased foot clearavegiability in the house (Mean&.57mm) compared to

the laboratorf{M=5.2mm) staircase.

There vereno changein foot clearance during the exit stepdifferent environments.
However, dderaduls 6 nd st e p s 6 vdriability incledsed anrheusecstaircase
compared toa laboratory For exampledifferent environments' main effecn foot
clearancevariability overstep7F (1,98) =4.77p=0.030 Posthoc comparisons revealed
increased foot clearancariability in the house (Mean*0.35mm) compared tdhe

laboratory(M=6.6mm) staircase.

Ascending results showed no significant differenice foot contact length between
houses anthboratoyé s f i, sesdnd step ang third stéplder aduls fourths t e p s 6
foot contact lengtidecreased irthe house staircase comparedtte laboratory For
example, there was a main effeatdifferent environments foaontact lengtlover steg

F (1,98)=5.59, p=0.020Posthoc comparisons revealddcreased foot contact length in

the house (Mean#0.90%) compared tohe laboratoryM=77.45)staircase. There ave

113



changs in foot contact lengtlvariability during thefirst, second third and fourthstes

in different environments.

Table5.3 Difference betweehaboratoryand House asce®NOVA results

Variables-Ascert Alpha<0.05 House (1) Laboratory(2)
Cadence Y, F (1,98) 8.17, p=.0% 0.910+0.22 1.0#0.25
Cadencevariability N

FC start Y, F (1,98) 5.54 p=0.021 26.24+9.46 31.24:8.37
FC middle (2) Y, F (1,98) =1483, p=0.000 27.66+9.10 20.25:5.24
FC middle (3) N

FC middle (4) Y, F (1,98) =9.9, p=0.002 27.56:8.93 21.12:8.66
FC middle (5) Y, F (1,98) %.18 p=0.M9 26.04:6.90 21.518.56
FC middle (6) Y, F (1,98) 28.48 p=0.M0 28.40:9.11 19.6@:8.07
FC end N

FC start var N

FC middle_var2 Y, F (1,98) $6.72 p=0.0.1 8.576.11 5.242.9
FC middle_var3 N

FC middle_var4 N

FC middle_var5 Y, F (1,98) 8.10, p=0.M5 9.23t7.4 4.90:2.1
FC middle_var6 Y, F (1,98) .30 p=0041 8.46£6.56 5.6+3.2
FC end var Y, F (1,98) 4.77, p=0030 10.3%7.8 6.6:4.8
FCL start N

FCL second N

FCL third N

FCL fourth Y, F (1,98) 5.59 p=0.®0 70.90:11.92 77.45:12.28
FCL startvar Y, F (1,98) $1.15 p=0.M0 0.11+0.10 3.8x4.34
FCL second Y, F (1,98) 58.0Q p=0.M0 0.15t0.17 3.52+3.86
FCL third Y, F (1,98) 36.29 p=0.00 0.09#0.08 2.35:3.27
FCL fourth Y, F (1,98) 51.53 p=0.M0 0.02t0.08 3.0£3.6

5.7.3. Difference between fallers and néallersduring stairs ascent

The tird ANOVA test was conducted to compare within thierent environments
(laboratoryand hous@sbetweerthefallersgroupandthe nonfallersgroup The ollow-
up-fall variable contains two groupthe fallersand the no#fallers groupsFallers group

is considered a high risk of fallindue to the previous fall histar@®n the other handhé
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Non-fallers grouphasa low risk of falling due to no previous fall historyfhese groups

were created based on the six mormtt®llow-up-fall information.

The environment contains four different staircasdbe (1920s, 1970s,2010s and
laboratory) Howe\er, two of the staircase dimensions wehe same the 1920s and
1970s) so only one of the staircases (192@s selectedlong withthe2010s house and
laboratory. Tis selection was because the 1920s staircase contained consistent steps
(21cm rise, 23cnygoing), and the2010s staircasbad inconsisteniwinder staircase)
steps.The Laboratory staircase was ctargt but different dimensia(rise 19.5cm and

going 23.5cm)

The mixedmodel ANOVA test was performed to calculate the difference betfaiens

and nonrfallers groups within the differentenvironments (three different staircase
dimensions)and the interaction between tfedlers and noffiallers group x different
environmentsThe mixedmodel ANOVA results showed that thedlers and notfallers
groupx different environments interaction was not significant for cadence, foot clearance,
foot contact lengthratio (FCL) and its variability forascending.Table 5.4 shows the

difference between fallers and ntailers results in ascending.

Table5.4 difference between fallers and nrtallers in ascent

Risk-Parameters Alpha p<0.05 Fallers Non-Fallers
Entry stepg-oot clearance F (1,23) =6.795, p=.016 | 24.77mm 30.45mm
Middle steps Foot clearance | F (1,23) = 10.613, p=.003 22.02mm 28.09mm
Exit steps Foot clearance Not significant No No

Entry steps Foot clearance F (1,23) =10.613, p=.003| 7.4mm 9.9mm
variability

Foot contact length and Not significant No No
variability

A mixedmodel ANOVA revealed that the main effectfallers and no+fallers grougn
cadence and its variabilityerenot significant p > .05). The main effect dallers and
nonfallers groupin entry-foot clearance was significant F (1,23) = 6.795, p=.@bst
hocresults showed thahe fallersgrouphad less foot clearance (mean=24.77mm) than

the nonfallers group (mean=30.45)The main effect ofallers and notfallers groupin
115



middle-foot clearance was significant F (1,23) = 10.613, p=.003,hmastesults showed

that fallers group have less foot clearance (mean=22.02mm)nibrafallers group

(mean=28.09mm¥Finally, the main effect ofhefallers and notallersgroup in exitfoot

clearance was not significant.

The main effect ofallers and notfallersgroup in entrystepsfoot clearance variability
was significant F (1,23) =10.613, p=.003, pbst results showed that ndalers hal

increagd entry foot clearance variability (mean=9.9mm) than fallers(mean=7.4Dmm).

the other handhe main effect ofallers and noffallers group in middle and exfioot

clearance variability was not significant.

The main effect ofallers and notfallers goupfoot contact length wassignificant.In

addition, he main effect ofhefallers and no+fallersgroup in the entry and middle foot

contact length variability was not significant.

Table5.5 Difference between fallers and néadlers in different environments during ascent

Variables-Ascent Alpha <0.05 Laborato| 1920 2010
ry

Cadence Y, F(2,23) =5.67p =.000 0.069s .806s | .860s
Cadence variability Not significant

Foot clearances entry steps Y, F (2,23) =4.750, p=0.40 31mm | 25mm | 26 mm
Foot clearance middle steps Y, F(2,23) =7.663, p=0.011 | 20mm | 27mm | 27mm
Foot clearances exit steps Not significant

Foot clearance variability Not significant

Foot contact length ratio in entry step| Y, F (2,23) =22.559, p=0.000| 77% 79% 67%

Foot contact length ratio in Middle ste| Y, F (2,23) =55.123, p=0.000| 77% 74% 59%

Foot contact length ratio in exit steps

Not significant

Foot contact length ratio variability i Y, F (2,23) =11.945, p=0.002| 3.8% 1% 1%
entry steps
Foot contact length ratio variability i Y, F (2,23) =17.603, p=0.000| 2.3% 1% 1%

middle steps

Foot contact length ratio variability i

exit steps

Not significant
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Table 5.5 showtheresults of the ifference between fallers and néadlers in different
environments during ascerithe main effect of cadence in different environments was
significant F (2,23) = 5.67p=.000, so the mean cadence for the laboratory was
significantly higher (1.069)han houses(1920=.806seconds,2010=.860seconds). There

was no significant difference in@ance variability in different environments.

The main effect of different environments in erdtgpsfoot clearance was significant F
(2,23) =4.750, p=0.40, posioc results showed that older adults had less entry foot
clearance in the housesth¢ 1920s = 25mm, 2010s = 26mm) than the
laboratory(mean=31mmJhe main effect of different environments(location) in mieldle
foot clearance was significant F (2,23) =7.663, p=0.011, Ipostresults showed that
older adults had less entry foot clearance in the &bor (mean=20mm) than the houses
(mean 1920s=27mm and 2010=27mAnd there vasno significant difference between
the environments for exfoot clearanceAnd there vasno significant difference between

the environments foentry,middle and ex#foot clearance variability.

The main effect of different environments in engtgpsfoot contact length (FCL) was
significant F (2,23) =22.559, p=0.000, so the entry mean foot contact length for houses
particularly 2010s was significantly lower (67%) than the 1920s(mean=79%) house and
laboratory(mean=77%). Similarly, the main effect oiffedlent environments in
intermediag¢ stepsfoot contact length (FCL) was significant F (2,23) =55.123, p=0.000
particularly in the 2010syas significantly lower (59%) thain the 1920gmean=74%)
house and laboratofynean=77%).

The main effect of diffeent environments in entry foot contact length (FCL) variability
was significant F (2,23) =11.945, p=0.002, so the entry mean foot contact length
variability for laboratory (mean=3.8%) was higher than the houses(mean=1%).
Similarly, the main effect of diérent environments(location) in middle foot contact
length (FCL) variability was significant F (2,23) =17.603, p=0.000, so the entry mean
foot contact length variability for laboratory (mean=2.3%) was higher than the

houses(mean=1%).
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5.7.4. Differences betweerthreehousesluring stair descent

The irst ANOVA test for descending results showed a significautence difference
betweerhouse stairs (F (2,224) = 8.249, p = .00. Similar cadence was used in the 1920
and 20106s house s;tnaontrast, oldévadllts ek morédkimé to0 3 s
climb 19706s stairs (M=1.2). These resul

cautious while using difficult (winder) stajrgoing fast will lead to stair fall.

Older aduls oot clearance increasedtimel 9 7006s staircase. For
main effect of different staircase dimension on foot clearance over stepl10 (F (2,224) =
3.413,p = .03p Posthoc comparisons revealed increased foot clearantdeeih970s
(M=34.02mm) comparedthel 92006s and 2010s (M=32.01mm,
These 192006s and 201006s r ardnoreasadthd chandes c | e
of falling. There were no changes in foot clearance during the entry and exit steps in

different houss étaircase

Ol der adul tsdé percentage of foot cont act
staircase. There was a main effect of different staircase dimension on percentage of foot
contact length from step2 (F (2,222) =171.447, p=0.0000) to step1l (F (2,223 £B,
p=0.0000). Poshoc comparisons revealed that decreased percentage of foot contact

| engt h ihouse 3t@ltd stepll (M=65.82% at step2, M=69.54% at stepll)
compared to 19706s (M=84.52% at step2, M:
at stgp2, M=84.80% at stepll).Dbe t he wi nder staircase 1in
percentage of foot contact length significantly reduced, which may initiate the slip
induced fall. Due tdhestraight staircase ithel 92 0s and 1h8pe@entge hous
of foot contact length were not significantly differe®elow Table 5.6 shows the

significant percentage of foot contact length among three houses for all steps.
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Table5.6 Post hoc result for foatontact lengthiatio for each step in all three housdssgending)

Post Hoc result for Foot

contact lengthratio in 2010 1970 1920 Sig. Df (2,222)
descending
N=75 alpha =
Mean Mean Mean 8.05 F

Foot Contact length step | 70.3733| 84.5200 84.2533 0.0000 334.156
Foot Contact length step2 | 65.8267| 84.5200 81.4267 0.0000 171.447
Foot Contact length step3 | 69.9200) 89.3467 76.5067 0.0000 247.767
Foot Contact length step4 | 65.6000/ 86.1200 81.2267 0.0010 174.200
FootContact length step5 | 68.9733| 89.6000 84.4633 0.0000 464.929
Foot Contact length step6 | 64.9067| 84.4533 82.0000 0.0000 177.450
Foot Contact length step7 | 69.0533| 89.1467 84.7600 0.0000 436.971
Foot Contact length step8 | 65.1233| 86.3467 81.7733 0.0000 188.358
Foot Contact length step9 | 68.9333| 89.0400 84.7867 0.0000 450.253
Foot Contact length step10| 65.5733| 85.8133 81.4667 0.0000 178.279
Foot Contact length stepll| 69.5467| 89.0533 84.8000 0.0000 390.811

5.7.5. Differences betweeriaboratoryand houseduring stairs descent

The secondANOVA test was conducted to compdhe difference betweeraboratory
and houses (independent of follow up fall details). Descemdgts (Table 5) showed
no significant difference in cadence andadencevariability between houses and

laboratoires

Older aduls 6 nt r y foat ¢learpnsedncreasedtimehouse staircase comparedhe
laboratory For examplethe main effect wasnfoot clearanein different environments
over steplF (1,98) =22.08, p=.0000. Pdsbc comparisons revealedcreased foot
clearance in the house (Mean=28.13 mm) compared ttabizgatory(M=19.30nm)
staircaseOlder aduls @ nt r y st e p s Oaridbittyihcreasdd artne hause e
staircase compared tioe laboratoryFor exampledifferent environments' main effeat
foot clearancevariability over steplF (1,98) =15.33, p=0.000Posthoc comparisons
revealed increasefoot clearanceariability in the house (Mean#6 mm) compared to

the laboratorf{M=3.6 mm) staircase.

Olderaduls &ni ddl e st eps 6 f oothehauseestaircase coraparedn c r e &
the laboratory For example,the main effect wason foot cleaance in different
environmentsover step2F (1,98) =14.22, p=0.0000Posthoc comparisons revealed
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increased foot clearance the house (Mean30.70nm) compared tdhe laboratory
(M=24.35mm) staircaseOlder aduls i dd | e
in the house staircase comparedthe laboratory For exampledifferent environments'
main effecton foot clearanceariability over step2 F (1,98) =8.17, p=0.005. Plost

comparisons revealed increddeot clearanceariability in thehouse (Mean=10.82 mm)

compared tahe laboratorfM=7.3 mm) staircase.

Olderaduls 6 nd s

laboratory For examplethe main effect wasnfoot clearacein different environments
over step7 F (1,98) =6.28, p=0.014. Plost comparisons revealed increased foot
clearance inthe house (Mean=31.71mm) comparedtbhe laboratory(M=27.48mm)

staircase.There was no change in foot cleararvagiability during the exit step in

different environments.

Table5.7 Difference betweehaboratoryand House desce®NOVA results

tepsd foot

st e p svariability mdreased e a r

~

C

the hoasa staarcase €ompanediiee a s e ¢

VariablesDescend Alpha<0.05 House Lab

Cadence N

Cadencevariability | N

FC start Y, F (1,98) =22.08, p=.000{ 28.13+9.24 19.30+2.58

FC middle (2) Y, F (1,98) =14.22] 30.70+7.62 24.35+6.21
p=0.0000

FC middle (3) N

FC middle (4) Y, F (1,98) =9.93, p=0.002| 34.42+8.51 28.33+7.89

FC middle (5) Y, F (1,98) =5.87p=0.017 | 31.32+6.94 27.55+6.12

FC middle (6) N

FC end Y, F (1,98) =6.28, p=0.014| 31.71+7.9 27.48+5.05

FC start var Y, F (1,98) =15.33, p=0.00{ 7.6+4.7 3.6£3.05

FC middle_var2 Y, F (1,98) =8.17, p=0.005| 10.82+5.3 7.3£5.14

FC middle_var3 Y, F(1,98) =7.52, p=0.007| 11.21+5.6 7.76x4.8

FC middle_var4 Y, F (1,98) =6.14, p=0.015| 11.91+5.5 8.8+4.9

FC middle_var5 Y, F (1,98) =4, p=0.048 12.32+6.0 9.54+5.91

FC middle_var6 N

FC end var N

FCL start N

FCL middle2 Y, F (1,98) =11.28p=0.001| 89.36+3.52 85.71+7.25
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FCL middle3
FCLend

FCL startvar
FCL middle_var2
FCL middle_var3
FCL endvar

,F (1,98) =14.03, p=0.00{ 89.42+3.86 | 85.20+7.15

2 2 Z2| Z2| ¥X| 2

Descending results showed no significant differences in doatact length and its
variability between houses asngd dtdh ee |sa beoprse
contact length increased tine house staircase compared to the laboratory. For example,
different environments' main effeoh foot contactength over step2 F (1,98) =11.28,
p=0.001. Poshoc comparisons revealed increased foot contact length in the house
(Mean=89.36%) compared to the laboratory (M=85.71%) staircase. There was no change
in foot contact length variability during the seconelsin different environments. Also,

there were no changes in foot contact length and its variability during the third step in

different environments.

Olderaduls bourth steps6 f oot thehouse stacchse tompaged h i
to the laborataor. For exampledifferent environments' main effeah foot contact length

over step4 F (1,98) =14.03, p=0.000. Past comparisons revealed increased foot
contact length in the house (Mean=89.42%) compared to the laboratory (M=85.20%)
staircase. There we no changes in foot contact length variability during the fourth step

in different environments.

5.7.6. Differences between fallers and nefallersduring stair descent

The hird ANOVA test was conducted to compare within thboratoryand houses
betweerfallers and notfallers grougn descendingThe mixedmodel ANOVA test was
performed to calculate the difference betwéadlers and nosfallers groug within the
different environments and the interaction between fillerisk groupsx different

environmentsn descending
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The mixedmodel ANOVA results showed that tHallers and notfallers group x
different environments interaction was rsagnificant for cadence, foot clearance, foot

contact length (FCL) and its variability for descending.

Table5.8 Difference between fallers and néadlers in descending

Risk-Parameterfor Stair Descent | Alphap<0.05 Fallers Non-Fallers
Cadence and its variability Not significant No No
Foot clearance and its variability | Not significant No No
Foot contact length and variability Not significant No No

The mixedmode ANOVA test revealed that the main effgiotadence and its variability
in thefallers and noffallers groupwasinsignificant. The main effect déllers and non
fallers groupin entry, middle, exit foot clearance and its variability wesesignificant.
The main effect othe fallers and no+fallers groupin the foot contact length and its
variability were not significantTable 5.8 shows the results thie difference between
fallers and no#fallers in descending.

Table5.9 Difference between fallers and néaidlers in different environments in descending

Variables-Descent Alpha <0.05 Laboratory 1920 2010
Cadence Y, F(2,23) =6.788p =.016 0.941s .941s 1.035s
Cadence variability Not significant

Foot clearances entry steps | F(2,23) =15.098p =.001 18mm 28 mm 27mm

Foot clearance middle steps | Not significant

Foot clearances exit steps Not significant

Foot clearance variability in | F(2,23)=8.094,p =.009 3mm 7 mm 7 mm
entry steps

Foot clearance variability in | F(2,23) =8.638p =.007 9mm 14 mm 14 mm
middle steps

Foot contact length ratio and| Not significant

its variability

Foot contact length ratio in | Not significant

exit steps
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Table5.9 shows the results tie difference between fallers and néadlers in different
environments in descendifthe main effect of cadence in different environments was
significant F(2,23) =6.788p=.016, so the mean cadence for 2010s house was
significantly higher (1.03seconds) than the mean cadence time for 1920s
houses(mean=.941seconds) and laboratory(mean=0.941seconds). Thsrenow

significant difference in cadence variability in different environments.

The main effecof entry-foot clearance in differérenvironments assignificant F(2,23)
=15.098p =.003; posthoc results showed that older adults had less entry foot clearance
in the laboratory(mean=18mm) than the houses(1920=28mm,2010=27mm). The main
effect of environments in entry foot clearance iafaitity was significant K2,23)
=8.094,p =.009, poshoc results showed that older adultd lmcreased variability in the

houses (7mm) than the laboratory (mean=3mm).

There vasno significant difference between the environments for mittutle clearace.

The main effect of environments in middle foot clearance variability was significant
F(2,23) =8.638p =.007, posthoc results showed that older adultsd hiacreased
intermedia¢ steps foot clearance variability in the houses (14mm) than the
laboratoy(mean=9mm). There asno significant difference between the environments

for exit-foot clearance and its variability.

The main effect of different environments(location) in foot contact length (FCL) and its

variability wereinsignificant.

5.8 Discussion

The safety of stair negotiation depends on the interactions between the behaviour of
humans and their staircase environm@ititolder adults usedthe stepoverstep method

to negotiate the different staircases duthmgata collectionn the houses and laboratory

This stepoverstep method requires alternation betwiabs by which eactimb should
contribute to singkdimb support. This method imost demanding even though ittie
fastest andnostefficient (King, Underdown et al. 2018)
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5.8.1. FirstHypothesis

The first ANOVA testcomparedthe houses' cadence, foot clearance, and foot contact
length ratio Oneway ANOVA test resultssupport the first hypothesisignificant
differences in foot clearance, foobntact length ratioand cadencketween different

houses.

Ol der adul ts wer estaircass twe daircases werstraighgandthe u s e s
exactdimensionswere used The third staircasedimension and structurdiffered from

the other two hous s 6 s ¢ alherreason for thtestingat three houseand data
comparison wathat people encounter a wide variety of staircases in reéb kifiscover

how older adults negotiate different staircase dimessiand similar staircase
dimensionsThis study helps tdind which staircase is dangerous for older peoflso,
whenolder adultsencounter differenstaircase dimensions, they might need to change
their walking trajectory to cope with that particular staircase; they are at risk if they do
not changeln similar staircaséhe 1920s and 1970s) contains simithmensionswill

older adults negotiate similar staircasein the same mannefconsistentwalking
trajectory? If so,they havenorebalancecontroland are safe on the stairs; if etcadults
useadifferentmanner (inconsistent walking trajectagrijerisk for fall in the futureThe

results showed that older addited followed a similar trajectory for entryexit and
exceptafew steps in the middle stairs. For exampiehoth ascending and descending,

in similar staircaseghie 1920s and 1970sdlder adults showed no significant statistical
difference in foot contact length ratio (FCL), so thedt followed a similar trajetory for

both similar staircases. Also, for similar staircases, older adults used similar cadence for
ascending and different cadence for descending. Thasaavsignificant difference for

entry and exit foot clearance in a similar staircase for bo#gnasnd descent. However,

in ascending, there was a significant difference over step7 foot clearaaceniilar

staircase and in descendjtigere was a significant differenoger stefiO.

In ascending, older adults spent less tichenbing consistent the 1920s and 1970s)
straight stairsThis researcliTempler 1995)found that straight flights of stairs without
landings accounted for 52% of all accidents. This straight might be the case because the
path of straight flights is often clear and uninterrupted, so stair users are reassured into a

false sense of securignd reduced attention. Straight flights may also result in more
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severe injuries because there is no plaleere the fall may be broken on the stairwlay
ascendingplder adults spent more tinimbing unevenstairs the 2010s) in contrast,
in descendig, older adults spent less time negotiating uneven staider Gudults
negotiated stairs considerably faster, which is considered riskier

The foot contact length ratio was less (mean= 67%) for inconsistent (the 2010s) stairs for
both ascending and desdamy. It shows that theisk of overstepping increases on
narrower stairgthe2010s)due to lack of space to place the foot safBlgys and Wright

2005) Thefoot contact length ratio is moceucialfor descendinghan asceding for safe

stair negotiation (Roys, 2013ffor example older adults whausually haveless foot
contact length ratio might experience a {&bys and Wright 20®). If lessthan70% of

the footcontact lengtiregularly, there is an increased risk of a slip over the-stige

(Roys 2013) but the British Standards Institution (BSI) indicate thegts than 50%f

foot contact length ratimould most likely lead ta fall (BSI1 2010).

For both ascending and descendliolgler adultsfoot clearances over thatermedia¢
stes were reducedor the2010s staircasencreasinghe risk oftoe-catchng due toless

foot clearancgthe chances of tripping increa@¢amel, Okita et al. 2005)

5.8.2. SecondHypothesis

The £condANOVA testwas conducted for stair falisk factors such asadence, foot
clearance and foot contact length rata@omparehedifferencebetweenaboratory and
housesAgain, meway ANOVA test resultsupport theseconchypothesissignificant
differences in foot clearance, foot contactgémratio,and cadence between houses

(uncontrolled environment) aaboratory ¢ontrolled environment)

In ascending, older adults walked slowly in the lab than the hdhseneasurements of
this study were conducted on an experimental staircase using a safety harness in a
laboratory environment, which differs frohousestaircasesand this might have had
psychological effects on the stair performance ofdhed er a d u.lTheshdmec a d e

stair@sedid notusea safety harness.

Older adults showed safe strategy for ascending in the;l&dr example older adults
had increased foot clearance in the start and middle stedslso showed less foot
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clearance variabilityln addition, ¢der adults foot contact length increased in the
| abor at or yHbweveeoldertadulss foet gantact length variability was higher

for thelaboratorythan houses.

In contrast, older adults shodia risky strategy while descending laboratory stdios

example, starting, middle and end foot clearance reduced in the lah tharhouses. In
addition,theintermedia¢ st epd0s f oot <cont aOlderatiubsrugett h we
only one safégechniquei t was | ess wvariability in the

entry andntermediag¢ steps.

Older adults showedlrisky strategy for ascending in the hoysesexampleolder adults
had decreased foot clearance in the start and middgie atedalsoshowed more foot
clearance variabilityn addition,d der adul ts f oot contact | e

exit stepsHowever older adults foot contact length variability was less for houses.

In contrast, older adults showeds af e strategy whil egfodesce
example, starting, middle and end foot clearance increAtsm) theintermediaé st ep 6 s
foot contactlength increasedin the housesHowever, olderadults showed more
variability in the foot clearance in tiuseé e n t imteymediae steps.

5.8.3. Third Hypothesis

The hird ANOVA test compared differences in the stair fall risk factors within laboratory
and house (different environmentshetween thefallers and nosallers groug. The
2(fall/nonfall) x 3(environment) mixeanodel ANOVA test revealed three different
results The first results are significant differences in cadence, foot clearance, foot
contact length and their variability due to the main effetltdrs and notfallers group.

The second resultsese substantialdifferences in cadence, foot clearance, foot contact
length and their variabiltdue to the maimmpact of differentenvironments (laboratory
and two different houses staircadéally, thethird resultsweresignificantdifferences

in cadence, foot clearance, foot contact length and their variability due to the main effect
of risk group x different environments interactidn.summarythere was aignificant
changeonly due to the risk group ardifferent environmentsThere vasno significant
difference between tHallers and no#fallersgroup x different environments interaction,

soonly part ofHypothesis 3 was accepted.
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The mixedmodel ANOVA results showed that the risk group x different environments
interaction was not significant for cadence, foot clearance, foot contact length (FCL) and
its variability for descendindifferences in behaviour observed betwéasfallers and
nonfallers group the effect of the different environmentsngsimilar for thefallers and
nonfallers groupolder adults (risk group x different environment interactions were not
detected). Therefore, it is expected that both groups would beiratraased fall risk by

the same mechanisms different environmerst staircase. Howeverthe consequences

will likely be more severe for thallersgroup(Foster, Maganaris et al. 2018} they do

not have the adequate strength reserves to recaven they lose balancéReeve,
Spanjaard et al. 2008)

The significant differences due to the main effectatiers and nosfallers group were
obtained For examplein ascending high rislolder adults had less foot clearance at the
entry and middle stepthey had more foot cégance variability in the entry steps. This
resultsuggests that tHallers groupn this present study did not adopt more conservative
stepping strategies during stair ascent compared tagigbwolder adultsShowing less
foot clearance and more varihtyi in foot clearance would increase the risk for a trip
(Roys 2001)

The significant differences due to the different environmargas belowcadence results
showed that older adults ascendib@ laboratory staircase slowly than thwuses
staircaseghisis because¢he safety harness was used in the laboratory, which might affect
ol der ad u Alsogedultcshotved that elder adults descertded010s(winder)
staircase slowly (more tim&ndspent less tim@egdiating consistent staircaseuch
as1920s anthelaboratory.Even thoughthewinder staircase asnarrow steeper, older
adults tookmorecare when walking othe winder staircas€unevenstaircase)andthis

showed thablder peoplevere more cautious the winder staircase

In ascending, older adults had less entry foot clearance in the house staircases such as
the 2010s and 19204\so, during descending older adults showed more variability in

the foot clearance for entry stepsddess entry foot clearance in the laboratory. The
reason for this less foot clearance and its variability in the entry steps were already
demonstrated that a disproportionate amount of stairway accidents occurs on the top or

bottom stairgTempler, Archea et al. 1985)t these locations, the older adult might be
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looking around for the next part of the journey or the route to be taken, so thdipatte

might not be entirely focussed on the stairfegmpler 1995)

In ascending, older adults showed that foot contact length ratio reducetthefor
2010s(winder) staircasand foot contact length variability increased in the laboratory.
This reduced foot contact length ratio increases the risk of slipping. The reasais,for

older adults get their best support when they place most of their foot on the tread, but this
is not always possible because the going of the winder staircase was less (below 250mm)
than the older adults foot length. To safely negotiate this smigggolder adults need

to turn their feet to the side of each step.

5.8.4. Otherfall risk parameters

The Berg Balance Scale (BBS) (Berg et al., 1989) (AppeBjliwas used to measure
older peoplé balance. Thd&erg balance scale contains fourteen assessngatstach

as standing with eyes closed, turning around, and standing on of&ikBerg balance
scaletask assessmeist subjective and qualitatiyeypically usng threshold assessment
scores to categorise people as low fall risk, moderate fall risk and high faPois&ible
scores are 0 to 5@nd the maximum score of 41to 56 signifies no balance impairment
(low risk), 0-20 score implies high risk of fall angdfrom 21 to 40 indicaesa medium

risk of fall. The BBSs highly sensitive and specific to identi®yder adultsat higher risk

of falling (ShumwayCook, Baldwin et al. 1997)n this studythere were 25 participants
assessedbased on thdBerg balancescale only one participant had high fall risk, 6
participants had moderate fall risk, and 18 participants had low falllnislescending,
Berg balancénigh risk older adults had increased cadence (Mean=1.37s) compared to
low and moderate risk older adults (Me=.810s for low risk and mean=.900s fadium

risk).

After data collection participants were followed up for six months to measure fall
occurrences via email and phone calls by the reseafdltar. adults were classified into

two groups (fallers and nefallers) based on the fall evemong 25 participants, 13
people had at least one fall or trip or slip in the last six months, so they were assigned into

the Fallers groupl2 people did not experience any fall in the last six months, so they
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were ina nonrFallers group. These risk groups were used in chapter 6 to areatdine

learning algorithm to predict future fall risk on stairs.

Fear of falling and previous fall history was assessed by oral interVlewisk of a fall
was higher in older adhs who experienced a previous fall. Among 25 participants, eight
people had fear of falling, and 17people did not haaéear of falling. Among these 8
(fear of falling) older adults, five of them already had a fall in the six months falfpw

time.

Therisk of a fall is higher in older adults who experienced a previougHalhel, Okita

et al. 2005) The older adults who had a previous fall shovaggh variability in foot
clearance compared to the older adults who had not had any previous fall (in ascending,
previous faller: Standard Deviation (SD)=8mm vs previous-fatlar older adults:
SD=5mm foot tearance variability). In addition to foot clearance variability, older adults
who had experienced a previous fall showed more percentage of foot contact length
variability compared to older adults who had not had any previous fall (in ascending,
previousfaller: SD=3.10% vghe previous noraller: SD=1.10% foot contact length

variability).

Fear of falling was known as a risk factor for a trip on stairs. Older adults who had a fear

of falling showed increased cadence variability than older adults whatthaea fear

of falingCadence wvariability 1 mpl iredwedstahiley ol de
may lead to future fadl

5.9 Conclusion

There was a significant difference in selected stair fall biomechanical factors among the
houses andaboratory Even thoughthe 1920s and 1978 staircass have similar
dimensiors, older adults negotiatediddle step differently, and there wreno change

in stair negotiation fothe entry and exatepsAlthough it has been generally considered

that winders stairs are more dangerous than standard stair designs because of the non
uniform tread width or the wedge shape of the winder tread, recent studies concerning
stair accidents reveal that this is notet(Wells 1977) Older adults used increased
cadence and more foot clearartban other houses to support shiln contrastthe

percentage of foot contact length cesed compared to otherses. This ibecause the
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walking portion of the tread is less thidae other two house®lder adults showed a safe

strategy for ascending in the laboratory, descending in the houses.

In contrast older adults showed a riskier strategy for descendinghénlaboratory,
ascending in the house$he risk group comparisons suggest thagh-risk fallers
implementeda biomechanically risky stratggthat couldincreaseoverall falling risk.
However, aly selected stair fall risk parameters were comparethigistudy In the
future morestairfall parameter comparisemvould behelgful to predict stair fall risk by
finding people who are adittherisk of falling; by giving interventionthefuture fall will

be controlled.
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CHAPTER 6:1dentify Fall Riskusing

Novel sensor andlachine learninglgorithm
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6.1 Abstract

Stair falls continue to be a prominent cause of unintentional injury in older paagaa.
result ina significant los of mobility and independence, whisignificartly affectsthe
quality of life, and in some casatcan be fatal. Theauses of stafall risk identification
werelimited tothecontrolled environmenr{taboratory). Laboratorpased measurements
help identify the factors of older peopdestair fall risk. Someof the stair fall risk
parametersvere foot clearance, variability in footeelrance, footontact lengthratio,
variability in footcontact lengthatio, cycle time, stance timand swing time However,

no systera candirectly calculate althose stairgall risk parameteren an uncontrolled
environment (houses). Sojgtwork amedto desigrasensor shoe system to calculate all
those parameters directly and testingbea | h o u s e Fwentgfivesoidar adalts e .
were testedusinfpes ensor shoe system in LJIWB&Gges exe
Balance scalevas meastedto evaluateolder adults' balance and lower limb strength
Also, previous fall risk information was collected. After the data collection, participants

were followed up for six months to measure the occurrence sf fall

Based on théall occurrenceolder adultsare dividednto fallers and nosfallers. After
collecting the followup information about fad| a stair fall risk classification system was
developed using a machine learning algorithiime gair fall risk classificationsystem

helps identify fall risk factors to estimate the probability of a réale fall occurrence
(Hemmatpour, Ferrero et al. 2019hree classifier algorithms were trained to classify
fallers and noffallers class with high precision, specificity, anshéasure. neasure for
Support vector machine (SVM) was 90%e ensemke was 89% and, -Kearest
Neighbors(k-NN) was 84% using feature set selected byscjuare feature selection
method. The trained algorithm can be used in the future for new data set to predict fall

risk for older people with high precision.

6.2 Introduction

Currently, 11.6 million individualsareaged 65 or over in the UKMid 2015) More than
onethird of those individuals experience at least one fall each gedrl015% of these
falls occur on stairévan Schooten, Pijnappels et al. 2Q1=lls are the second leading
cause of accidental or unintentibnajury deaths worldwide. These falls lead to

significant loss of mobility and independence for older peagimificantly affecting
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their quality of life (Alexander, Rivara et al. 1992furthermore, these stair falls often
result in early death or secondary complications during hospitalization, ushbally
following surgery to repair a fractur®loreover, injuries causean expensive bill to
NationalHealth Services: thaJK's annual cost of fall injuriess more than £2.3 billion
per yearfAge-UK, 2010).

In laboratory settings, various stairs fall Askated studies used phegtectronic systems
andforce plats; using this laboratory settinga lot of researcthas demonstrated older
peopl eds fall ri sk f acweerthe twa man uondarlyisge s .
mechanisms for stair falh trip's riskhas been linked to reduced foot clearariesler,

Horn et al. 2016) The risk of trip increasewhen the variability of foot clrances
increaseqRoys 2001) The risk for a slip increasavhen the percentage tiie foot
contactlengthis reducedRoys and Wright 2005)Also, the foot contact length ratio
variabilityi ndi c at e s inabilitgtepaceahe fodt $ake @n the step continually

The othercrucial personal stair fall factors afear of falling (Jacobs 2016and low
muscle strengtfReeve, Spanjaard et al. 200&) addition taindividual factors, the other
important factor related to stair fall iee environmental factor. Environmental factors
contain stair geometry linked with stair f{fReeves, Spanjaard et al. 2008tair
geometryfor example, each staircase step dimensions varies, staircases are more difficult
to negotiate when the steps height(rise) increased or steps run (going) r&ysednd
Wright 2005) However stair fall risk factors identificatiowaslimited tothe controlled

environment (laboratory).

Measurements in a controlled astdndardised environment liedaboratoryarethe first
necessary step, but on their qwiney are unlikely to lead to a translational outcome.
Furthermore, His type of stair fall risk masurement may noepresent redife-based
measurements in natural settings such as bam@ublic place@Vahad, Bakar et al.

2014) Despite the prevalence and devastating consequences of stair falls for older people,
systems that can be used in a home environment for timely identification of people at a

high risk of a fall are currently lacking.

So, there isa need fora reakttime testing system to predict stair fall risk parameters at

home environment stairs. Over the past decade, there has been a great deal of research on
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developingmethods to detect falls based on wearable sefisotdo et al. 2012, Wang,
Wu et al. 2016and distance sens@8elvaraj, Baltzopoulos et al. 28).

IMU sensor was used to calculate foot clearance in level walMifigMedia Laboratory

has developed an electric field sensing technique and proved this tectsnitpee to
calculate foot clearance on level walkjigphab 2009) Thedownsideof this system is

thatit can only measure up to 5agiwahab 200Q)An ultrasonic sensor has been used to
calculate foot clearan@gamel and Cavanagh 200#)e problem with this systemtisat

this sensois too big to fit in the shoe, which might affect particigadtalking. The $i0e
integrateddirect foot clearance measurement system is the most unexplored topic in stair

gait analysis

There is no sensor shoe available to calculate foot overhanging on the stairs; some force
sensorshased insoles exist, which are used to calculate foot distributhile level
walking. The main commercially availableshoe measurement systems af®can and

Pedar systems, but they axry expensive applicatienriented devices

All the abovecustom made or instrumented sensors did not focus ataaiFall risk
parameters. So, ihproject's motivationvas to design and develop a low cost, reliable,

and portable sensor shoe system to detect stair fall risk factorstyipical living
environment. An instrumented shoe system was investigated and defgwetbped

sensor shoe system enabled to perform the stair gait analysis in a less expensive and non
traditional motionlaboratoryenvironment. Sensor shoe system contains a custade

insole that can find footontact lengtiratio and distance sensorgtéd in the shoe to
calculate foot clearance andertia measurement unit (IMU) sensor to find motion

parameters.

Although the sensoshoes could reliably measure body movement, identification of
specific movement patterns and thiailt risk predictioncould not be achieved without
usingadvancednachine learninglgorithms. Thereforaghree differentmachine learning
classifier algorithms such as support vector machine (SVM)NKarestneighbors

(KNN) and ensemblevere used to traistair fall risk classification system
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6.3 Methods
6.3.1. Sensor Shoe Design

Detailed information aboutnstrumented sensor shoe development, data collection
method sensor calibration, static and dynamic testing can be found in chapter3.

6.3.2. Participants

Twenty-five older adults participated in this study (female: 20; male: 5; age: 70.72+4.0Y;
body mass: 70.18+10.0kg; body height: 1.62+0.06m; mean and standard deviation). All
the participants were recruitedin the local community of Wirral and LiverpodJK.

All these participants lived independently, able to climb stairs without help .siudy

was approved by the Liverpool John Moores University ethics committee in the UK
(REF: 18/SPS/024). Aftethe explained procedure, informed written consent was
obtained from all participants.

6.3.3. Data collection location

Initially, sensotbased datand VICON datawverecollected on a custormade staircase
located in the biomechanitaboratory Sensor data was filtered and processed in Matlab.
Laboratorybased motion ata (VICON) was filtered and processed in visual &l
Matlah Stair fall risk parameters such as foot clearance, fawttact lengtiratio and

cadenceavere derived for VICON and sensor datadvalidated.

After the validationplder adult data wereollected using instrumented sensor shoes in
the LJMUOGs ExLeargwodl dohn Mowes Breversity (LJMU) has a branch

of the BRE Building Research Establishmehtiyh nov at i on Par k qgn t he
which was openeth September 2016. The Innowat Park consists of three Exemplar
houses thatJMU and BRE usé¢o provide test facilities. These three houses have been
constructed usindesigns, technologies, and materials from the 1920s, 1970s and 2000s.

Detailed information about the staircase diasien details can be found in chapter5.

6.3.4. Data collection procedure

After the successful validation agairnise VICON system, data collection took place in
the three LIMU experimental houses. Data collection took place in a single day with two
sections(labaratory and houseslasting approximatelywo hours. Following informed
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consent, participants completadberg balance scale assessment and acknovdesiye

previous falls.

Participants were familiarised with all three exemplar houses staircase before the data
collection. Participants wore comfortable clothes with sensor shaed the LabVIEW

user interface isomputer vasused to collect data in the houdds.markers andameras

were used in the houseSensor shae slata collection procedure was explained in
chapter3. All participants performed thescending and descending trilmseach house

(3 housesx3ascendingx3descending) ira total of eighteen trials.The partigpants
navigated the staigtepoverstepand were permitted to use the handrails if they wished.
The sensor dat a wa &toragepardandiransferred tdhaecongpiner e 0 s
for further processing. When all trialschlbeen completedhe sersor shoe was removed
from t he pa, andpatticigaschadged bhok imtd their shoes. Factors such
as foot clearance, fo@bntact lengthratio on the step, speed of movement and motion
data were coll ected i n rurheatedsensorstwelfhared y 0 s
were 450 trials used for further analySigble6.1).

Table6.1 Data collection location and trial details

Data collection| Number of| Total Participarg | Total

Location trails participants

1920's house | Ascending 3trials 25 75
Descending 3trials 25 75

1970's house | Ascending 3trials 25 75
Descending 3trials 25 75

2010's house | Ascending 3trials 25 75
Descending 3trials 25 75
Total trials 450 trials
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6.4 Data Analysis and features extraction

A Machine learninglgorithmfrom Matlab was used to design a fall ridkssification
system. A complete machine learning procisssomposed of three steps: data-pre
processing, feature extraction and dimension redudiwh system modelling. Data pre

processingontainsnoise filtering and data normalization.

The second stepas feature extractionThegoalwas to extract parametetisatrepresent
discriminative information about risk fall identification. Matlab wasdus® extract all

the biemechanical fall risk factors frob MUG6 s exper i ment al hous:
data After successful parameter extraction, an algorittes designed using@xtracted

features andix monthsof follow-up fall data from participastactual living houses.

The last stepvas establishing system model for classification. Once a feature set was
obtained for each sensor typlee next step was finding the appropriate classifiers. Three
classifier algorithms, such &sipport Vector Machines (SVMEnsembleand K Nearest

Neighbour (KNN)algorithm wereused to desiga stair fall risk classification system

6.4.1. Preprocessing

IMU sensor data can contain unwanted noise mixed in with the acceleration data. This
noise referred to as artefagtsan originate from various sources such as the subject,

equipment, oenvironment.

Artefacts distort data and can disrupt the detection gh-hsk fallers. Therefore,
removing as many artefacts as possible from the acceleration data before feature
extraction is crucialCertain artefacts reside at specific frequencies and can be removed
by filtering the signal and this is uswally done by remving frequencies from the
acceleration data using some-oftitfrequenciesMany researchers used between 0.1 and
0.5 Hz frequency as a cut off frequer(®jathie, Coster et al. 2004Acceleration data

was filtered witha fifth-order Butterworth high pass filtevith a cut-off frequency of
0.36Hz.
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6.4.2. Feature®xtraction

Five different set of features were extracted from the datagie-domain features,

frequency domain features, biomechanical features, strength test features and personal

featuresBelow Table6.2 shows the extracted features.

Table6.2 Extracted Features details

Features
Time Domain| Frequency Biomechanical Strength Tes| Personal
Features Domain Features| features from features
Sensors features

Mean_Acc_X PeakmagX Totaltime Berg balance test Height
Mean_Acc_X_R | peakfregX Cycletime Fear of falling (FOF)| Mass
Mean_Acc_Y peakmagyY Stancetime 6month Followup Age
Mean_Acc_Y_R | peakfrqY Swingtime
Mean_Acc_Z peakfeqZ FC_Entry
Mean_Acc_Z R | peakmagZ FC_Middle
SD_Acc_X accx_kurtosis FC_exit
SD _Acc X R accx_skewness | FC_SD
SD_Acc Y accx_entropy FO_entry
SD Acc_Y R accy_kurtosis FO_Middle
SD _Acc Z accy_skewness | FO_Exit
SD_Acc Z R accy_entropy FO_SD
VarAccX accz_kurtosis AccMax_entry
VarAccX_R accz_skewness | AccMax_middle
VarAccY accz_entropy AccMax_exit
VarAccY_R PeakmagX_R Pitch_entry
VarAccZ peakfregX_R Pitch_middle
VarAccZ_R peakmagY_R Pitch_exit
RmsAccX peakfrgY_R Vel_entry
RmsAccX_R peakfeqZ_R Vel_middle
RmsAcc_Y peakmagZ R Vel_exit
RmsAccY_R accx_kurtosis_ R
RmsAcc Z accx_skewness_H
RmsAccZ_R accx_entropy_R

accy_kurtosis_ R

accy_skewness_H

accy_entropy_R
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accz_kurtosis R

accz_skewness_H

accz_entropy_R

Total=24

Total=30

Total=21

Total=3

Total=3

Total features =81

Time-domain and frequenegomain Features

The motion datawas collectedin the time domainand it was transformedinto the

frequencydomain so that frequendyased featurealdbe extracted. Features from both

the timeand frequency domairean be incorporated into a feature vector that inceease

classification accuracy.

Time-domain featureswere responsible for the most frequent variations the

acceleration signalTime-doman featureswere derived directly from accelerometer

sensor data andere typically statistical measures. Example tidwnain features used

in many activity monitoring include the meatandard deviation (SDyariability, root

mean square (RMS3$kewnessentropy,kurtosis(Preece, Goulermas et al. 2009, Ejupi,
Lordetal. 2014) Li near

movements by removing gravitational componentTime-domain feattes of mean,

standard deviatiorfSD), variability, root mean square (RMSkewnessentropy, and

accelerat.i

kurtosiswere calculated for all three directions.

on

wa s

c al

cul

Kurtosis of signal amplitude describes the extent to which the distribution of amplitudes

was concentrated; kurtosiggh values suggest @t distributionwas more peaked, with

occasional severe variations.

Entropy ratecomputeghe signategularity, entropyvalues range from-@, O denotes the

maximum randomness among consecutive data points,1adenotes theomplete

regularity.

Skewness rate compudtasymmetry of signal distributioskewness value either zero or

positive or negativeA positive value represeng the distribution was rigkgkewed, the

negativeone representing the distriboti was leftskewed, and zero representitige

normal distribution
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Measurement of postural swawasused to measurelder adultsbalance and falls risk
(Mathie, Coster et al. 2004Both amplitude and frequenayere significant in the
postural sway assessmemtith large sway amplitudes and higher frequencies being
indicative of postural instabilit{Mathie, Coster et al. 2004 herefore, fequency
domain features were calculated to measure amplitude and freqéestglerometer
sensor datavasc onverted i nto the frequudaray tdamas
(FFT)to derive frequencgomain featuresThe output of aFFT typically gives a set of

basc coefficientsrepresenting the amplitudes of the signal's frequency compacerahts

the distribution of the signal enerdiPreece, Goulermas et al. 200%he maximum
spectal powerwas the peak frequenclydsing FFT, peak frequency and peak magnitude
were calculated for each step, and then chose only the maximum frequency and

magnitude for each trial in three directions for further analysis.

Time Domain Dignal

Amplitude(v)
= o

0 20 40 60 80 100 120 140 160
Time(s)

Power Spectral Density
- { {
X752

.
X 4.395 | x5.859 ) Y 89.43

Y 78.07 'Y 1023
i I
|1

Amplitude(v)
o
2
I

Frequency(Hz)

Figure 6.1 Acceleration up data for time domain to frequency domain conversion, x is frequency :

amplitude

The aboveexampleof going uptrial data had shown ifrigure 6.1; it had a larger
magnitude at A Hz, 43 Hz,5.8Hz and 75 Hz. The higher magnitudgasin the middle

at 58 Hz.
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Biomechanical features

It was crucial to extract the relevant and appropriate information from the daldsets.
literaturereview showd that mininum foot clearance, variability in foot clearance, foot
contact lengthatio, variability in footcontact lengtlarefall risk parameterssoall those
factors were extracte@he minimum foot clearance indicatagall risk for atrip; amore
significantfall risk was associated with smaller foot clearance. In this work, vertical foot
clearance was calculatedll these instrumented sensor shoes fall risk parangeters

calculation procedure was explained in chapter 4.

During the swing phase, foot clearanceswalculated for descendinghen the sensor
shoeds back di st ahinbgdC saemtsBigureddiipassettthstep e a d i
edge's vertical position (1Jor ascending, during the swing phdeet clearance was
calcul ated when the sensor shoeods front
vertical position of the second step edge (2) before placing the foot on the stairs. The
minimal foot clearance was calculated for sted?1in allthree trials and thewelve-

step foot clearance was divided into three parts, entry (first step), exit (last step), middle
(combined all remaining steps) for each trial. The measured tstdpefoot clearance

was used to calculate tif@ot clearance vaability usingthe standard deviation for each

h ou drielé s

Foot contact lengthratio indicats fall risk for slip; a more significantfall risk was
associated with reduced foobntact lengtlratio relative to the step edgé.hapt er 4 6
Figure4.7 showsthe footcontact lengthratio calculation. For example, if all the sensors
have the forcesl00% of the foot iplaced on the stairs. If onthe last sensor does not
have any force (1009%1%=89%) 89% of the foot iplaced on the stairSupposdhe
lasttwo sensors do not have forces, which means (1PR%=78%) 78% of the foot
placed on the stairs. Similarly, remaining sensor fonarechecked to measure the foot

contact lengthatio.

Foot contact lengthratio was calculated for all twelve steps. Thesi&ps fooicontact
lengthratio was divided into three parts, entry F@uintact lengthratio (FCLR) (first
step), exitFCLR (last step), middI&CLR (combined all remaining steps). The measured
twelve-stg foot contact lengthratio was used to calculate tfaot contact lengthratio
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variability usingthe standard deviation for eatho u grialsHigher variability indicates

aninability to place the foot safely on the step continually

Descending stance and swing time

== back(heel) distance sensor

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN

HHHHHHHHHHHHHHHHH

TIME(S)

Figure 6.2 Stancetime Swingtime graphical representationtance time was calculateab the duration of

thefoot contact on the stepwing time was calculated as the duration of the foot off the step

Going down fast omhe stairs may increase the fall risk. The duration of one gait cycle
was measured for the left and right lisnBallers walk with greatestance and swing time
variability than nonrfallergMathie, Coster et al. 2004Btance and swing time as
measured usingdistance sensdFigure6.2). Stancetime was calculated as the duration
of the footcontacton the stepandswing time was calculated as the duration of the foot
off the stepStance time, swing time, cycle time and total time wateulated for all the
twelve steps. The 12stepseasuremds were divided into three parts, entrswing,
stance, cycle, and total tin(i@st step), exiswing, stance, cycle, and total tiifhest step),

middleswing, stance, cycle, and total tife@mbined altheremaining steps).

A fall event can be predictday processing the acceleration signal becahaagingbody
movement in a préall state causes alternation in the accelerati@mn example, loer
people, who have an increased fall risk, manage to walk g[oarg, Song et al. 2013)
this fall risk can bemeasued usingvelocity. The velocity was obtained from single

integration to lhe acceleration componecdrresponding to the foot's forward motion

Acceleration, velocity, and foot angle weralculated for all twelve steps. The 12steps
measurementsvere divided into three parts, entrgcceleration, velocity, and foot
angldfirst step), exibcceleration, viecity, and footangle(last step), middlacceleration,

velocity, and fooangle(combined all remaining steps).
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After calculating all the biomechanical risk factdisgdetermineany fall risk parameters
relaiedto fallers and nosfallers, ANOVA was used to calculate the mean and standard

deviation for each factor in two different categories of fallers ancfaiters. Table6.3

shows the results.

Table6.3 Biomechanical features for fallers andn-fallers (Mean = SD)

Variable Fallers Non-Fallers
Totaltime 11.45+3.0 12.3£3.2
Cycletime 1.04+0.31 1.00+0.30
Stancetime 7.96+2.4 8.6+2.5
Swingtime 3.49+1.54 3.67+1.86
FootClearance Entry 25.19+11 29.33£13.13
FootClearance Middle 28.84+6.23 29.81+4.94
FootClearance exit 30.23+14.00 30.69+13.97
FootClearance SD 9.5+18.4 10.35%+4.2
FootContactLength_entry 76.74+10.0 77.8+9.8
FootcontactLength _Middle 74.81+10.4 74.6+10.7
FootContactLength _Exit 77.31+12.01 78+10.48
FootContactLength _SD 6.2+3.6 6.04+£3.4
AccMax_entry 11.1+4.5 12.27+4.95
AccMax_middle 15.26+4.0 15.20+3.5
AccMax_exit 13.96+6.6 12.74+5.9
Pitch_entry 17.30+£10.65 10.23+£11.59
Pitch_middle 11.85+£18.92 11.70+£19.71
Pitch exit 12.56+£12.57 12.87+£14.53
Vel_entry 0.51+0.32 0.57+0.35
Vel_middle 0.71+0.30 0.68+0.21
Vel_exit 0.74+0.49 0.64+0.33

Fallers took less total time, swing time and stance tmanonfallers andtherewere

no significant changein the cycle time. Fallers ddess foot clearance for entry and

intermedia¢ steps compared to ndallers. Similarly, fallers have slightly less foot
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contact lengthratio for entry and exit steps. Fallersdhmore pitch at the entry than non

fallers.Fallersbvelocity was high forthemiddle and exit phase.

Personal Features

Personal features such as age, height, and mass were extracted from the dataset.
According to Table 6.4,af | | e rvgadslightly ss(70.4+4.05 than the no#allers

(7139.1 n contrast, fallersd hei-fgllers. and mas:

Table6.4 PersonaFeatures for fallers and ndallers(MeartSD)

Variable Fallers Non-Fallers
Age 70.4+405 71+3.9
Height 165.11+£5.6 160+6.4

Mass 71.65x11.7 68.58+7.53

Strength Test features

Postural transition duration specifies the duration of a transition ne@posture to
another one. Balance control and stability of the body during postural transitoms
key factors for avoiding falls. Postural transition duration can be an indicator of fall
because iwas significantly correlated with the fall ri@&uimarées, Ribeiro et al. 2013)
Higher transition duration means lower muscle stremgtith might leal toafall. This

postural transition (berg balanszale assessment) duration was measured uaing

stopwatch.
Table6.5 Berg Balance results
Berg balance
Valid

Frequency Percent Percent Cumulative Percent
1.00, High Risk 1 4.0 4.0 4.0
2.00, Moderate Risk 6 24.0 24.0 28.0
3.00, Low Risk 18 72.0 72.0 100.0
Total 25 100.0 100.0
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Functional assessments sucliheberg balance scaleere subjective and qualitative and
typically usel threshold assessment scores to categorise people as low fall risk, moderate
fall risk and high fall risk.There were 25 participan{3able 6.5), based on the berg
balancescale only one participant had high fall risk, 6 participamasi moderate fall sk,

and 18 participants had low fall risk.

Fear of falling
The risk of a falwas higher inolder adultsvho experienced a previous fall.

Table6.6 Fear of Falling results

FOF (Fear of Falling)

Frequency | Percent Valid Percent Cumulative Percent
1, Yes for Fear of Falling 8 32.0 32.0 32.0
2, No for Fear of Falling 17 68.0 68.0 100.0
Total 25 100.0 100.0

Among 25 participant§Table6.6), eightpeople hada fear of falling and 1peopledid
not haveafear of falling.Amongthese 8 (feaof falling) older adults, five of them already

had a fall in the six months followp time.

Follow-ups fall

After data collection participants were followed up for six months to measure fall
occurrencesbased on thdall occurrence, older adults were classified ifatbers and

nonfallers.
Table6.7 Follow-up fall risk results
Fall risk
Cumulative

Freguency Percent Valid Percent Percent
Fallers 13 52.0 52.0 52.0
Non-Fallers 12 48.0 48.0 100.0
Total 25 100.0 100.0
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Among 25participantéTable6.7), 13people had at least one fall or trip or slip in the last
six months, so they wefeallers group Twelve people did not experience any fall in the

six months, so they were anonFallersgroup.

6.5 Features Selection

After extracting features from the datallection, the next challenge wakssifyingthe
features. Totally 81 features were extractédll featuresareused to trairthe classifier
algorithm(81 features-80dependent features+1response featthieh the possibility of
getting biased resulis very high.The feature selection method was ugedavoid the
above problem; this feature selection methemtlics features with the same information

as others and features thatrdu relate tothe clasd@llers/nonfallers)
6.5.1. Feature selection usirgtest

The performance of a classification algorithm directly depends on the size of the feature
set.The features should be minimized, and dimensionality should be rettugagrove

the performance of the flarisk classifiers One way to reduce dimensionality would be

to apply feature selection algorithms. Feature selection was used to determine which
featuresare informative and can significantly differentiate between fallers and non
fallers.A rank-based gstem was implementdd determine which features to select from

the extracted features.rAnk-based system was implementetiich computes the-fest

and pvalueon each featurevhich helpsletermine which featurestouse The #fAf sr f
Matlab functionvasused to get the-paluegVallabh, Malekian et al. 2016An empirical
cumulative distribution function (CDF) of theyalues asshown inFigure 6.3, shows

the difference in feature values between the fallers andatiens.

About 15% (15% of 80=18) of features hadalues smaller than 0.05, meaning there
were 18 features among the original 80 featuresttha¢ strong discrimination power.
Features were sorted based on tpeialues (or the absolute values of He
statistic).Features selected for classification mainly use-\alpe range of [0.0005,
0.055](Vallabh, Malekian et al. 2016)
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CDF value

0 1 1 1 1 1 1 1 1 Il
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

P value

Figure 6.3 Features selection using a Filter methodTEst) CDF means Cumulativéistribution function,
p values smaller than 0.05 has more discrimination features betweers fald norfallers, so those

features were selected to createachine learning algorithm

Table6.8 P-value forselected Features

Feature P-value Features name
Number
1 0.000502 Mean_Acc_ Z R
2 0.00058 vel_exit
3 0.014115 vel_middle
4 0.018885 accxmax_exit
5 0.02229 stancetime
6 0.023324 Mean_Acc_Z
7 0.024122 peakfeqZ
8 0.025587 FO_exit
9 0.032013 totaltime
10 0.034406 RmsAccZ_R
11 0.043307 peakfregX
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12 0.04446 cycletime

13 0.045848 accy_skewness
14 0.048657 VarAccZ_R

15 0.052541 accxmax_entry
16 0.053947 accy_entropy
17 0.05488 SD Acc Z R
18 0.055399 Mean_Acc_Y

The P-value of mean acceleration and velocity was very smamall pvalue of the

statistic indicateshat the corresponding predictwes significant. Featurethathad low

p-value are shown in Table 6.8. The eighteen features werelseted, along with thse

features some other features were inclugdadich were biomechanically important to

predict fall risk (7other features)The seven featuregere berg balance, fear of falling,

foot clearance variability, foatontact lengttratio variability, foot clearance entry and

exit and footcontact lengthratio entry.So, in total, 25 features were used to train the

classifier algorithm.

6.5.2. Feature selectiousing rank featurgghi-square test)

Another rankbased system was implemented to determine which features to select from

the extracted features\ filter approach rankased system was implementechich

computes thehi-square tesbn each feature. Eh fséchizd Mat | ab

functi

thisis a nonrparametric test and compue® a r s o-sgdase testlofiassociationThe

Chi-squargest checkswhetherthe fall risk factors (80 featurgand response class

(fallers/nonfallers)are dependent.By calculating thechi-square scores for all the

features, featuresan be ranketby the chisquare scores, the topnked featuresvere

selected to train the classifiers
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Univariate feature ranking using chi-square tests

9 T T T T T T T T T

Predictor importance score

Predictor rank

Figure 6.4 Feature glection usinghe Chi-square testthe features selected by predictor rank has more
discrimination features between fallers and ffalters, so those features were selected to creatachine

learning algorithm

The mean acceleration fardirection (Figure 6.4) was the mostrucial response class
predictor (fallers/nonfallers). The other mostssentialpredictors were foot clearance,
stance time, velocity, acceleratmistandard deviation, acceleration variance, frequency
domain feature such as peak frequency, magnithel some of the time domain features
acceleration skewness, acceleration root mean squaéfteen features were selected,
along with these features some other features were includedhich were
biomechanically imprtant to predict fall risk (dther features)The seven featuregere
berg balance, fear of falling, foot clearance variability, fagontact lengthratio
variability, foot clearance exit and foodntact lengthatio entryand exit So,22 features

were used to train the classifier algorithm in total
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6.6 Training Classification Algorithms

Supervised machinéearning algorithms or classifierswere used to categorise an
observation based drainedobservations. The observationsre fedinto the classifier
in the training phasend the classifier learns the patterns that differenbatween the
categoriefallers/nonfallers), theobservations in this studyere the features mentioned

in the preious section.

In most casedall risk classificationwas a binary classificatioproblem in that there were

two categoriesfallers and ron-fallers. Therefore, lhe classifier ustthe features in the
training phase to learn the differences between these two categories. This section explores
the classifiersspecifically looking atach classifier's resujtis can be used to compare

this study's results

6.6.1. Classification EvaluatioMetrics

There were two different methods (statistical and visualization) were used to compare
the performance evaluation results:

i.  Statistical Analysis: This method was used to compare the evaluation results by
mathematical formulas such as classificatiaecuracy (Confusion Matrix),
Precision, Recall, Sensitivity, Specificity andvfeasure.

ii.  Visualization: representing the possible outcome of true and false values of a
classifier in the form of graphAUC and ROC curves.

Confusion Matrix

The confusion matriwas used to measure thiassification algorithm's performanfa
the classifiers) on the test data. The confusion maas«quite simple to understand. The
confusion matrix usithe binary classification test to measure the predicbilities of

the classifier.
Classifierswere ustally evaluated by using four metrics:

U True Positive (TR)fallersthatwere correctly classifieds fallers
U False Positive (FPhonfallersincorrectly classified afallers(false alarm
U True NegativeTN)-nonfallersthatwere correctly classifieds nonrfallers

U False Negative (FNfallersincorrectly classified ason-fallers(misg
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Table6.9 Confusion matrix with advanced classification met(istrix 2019)

Predicted Class
A
Positive Negative

Positive | True Positive (TP)| False Negative (FN)
Type2 Error

Actual Class

Negative| False Positive (FP) True Negative (TN)
Typel Error

Using the binary classificatioest(Table 6.9)confusion matrix producesue positives
and true negativeesults these results were divided by the total number of entnigs
gives the accuracy
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Precision: It was a function of true positive and thmésclassified objectas positive, for

examplefalse positive.

~
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Recall/Sensitivity and Specificity: Sensitivity determines how accurately the true
positives hae been predicted~or example, true positivedrrectly classifying sifallers)
and the objects that were classified incorrectly (false negatnyas defined as

“YO

YQo&E i Qo %@—QB— 20-0
Ib v 00
Specificity determines how accurately the true negatifremfallers) have been

predictedfor example, correctly classifying as ntallers, defined as:
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F-Measure was anothestandarcevaluation metricombiningprecision and recall into

a single value. The formula is:a
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AUC-ROC The Receiver Operatg Characteristiccurved (ROC) was a standard
technique used to summarise classifier performance based orotimdetweentrue
positive and true negative error ratROC Typd. error (False Positivéalse alarm and
Type2 error (False Negativenissed positive
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AUC (Area Under theCurve) - ROC curvewas used to measure thdassification
problem's performanc&OCwas a probability curveand AUC represesthedegree of
separability. It describes hownuchthe modelcould distinguishbetween classesThe
higher the AUC valug better thenodel at distinguishing between fallers and-faiters.

6.6.2. ClassificationAlgorithms

Supervised rachine learningclassificationis the automatic assignment of a class
(fallers/nonfallers) to the featurevectorthat hed been previously extracted from the
collected dataThe algorithms used for this classificatiarek n own as fAA |l as s
classifier is a program built bylearner The learner takes the input from the dataset and
produces the classifieClassifierdearn how to identify the class of a feature veatom

thetraining dataset. The training set compdliiee feature vectorandclass labed

Many classifiers are available to get better resattdwe need to try different classifiers
becausalmost @ery dataset comes with different specificatiorss project used some

of the most common classification algorithmdowever, only some classification
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algorithms like Support Vector MachindSVM), k-nearestneighborsalgorithm and

Ensemble (AdaBoost) performed well.

The Support Vector Machine EVM) Classifier: TheSVM classifier calculatethe best

smoothingparameter (hyperplane) using a linear decision boundary to separate two
different classes (fallers and néallers) in thke databaselhe best property of SVNs
that it concurrently redusghe classification error and increasiee geometric margi\
linear hyperplan¢hatentirdy separates between two classes. In-vwaald examplesit

may not be possible sufficiently split the two classes using a linear hyperplane

Instead of using a nelmear separator (higbrder polynomial), SVM usea method to
convertthe feature sy such that the classes do become linearly separable. This method
is called the kernel triglkand italters the feature spaaeparatinghe classes with a linear
hyperplane. The radial basis function (RBF) is atandard method for kernel
transformationn high-dimensional space is the radial basis function (RBR)ining sets

are mapped with a higher dimensional space using the radial basis function (RBF) in the
SVM classification Four basic kernels agvailable in SVM linear,radial, polynomial,

andsigmoid.

Ensemble method€Ensemblanodelsarea useful practical tool for different predictive

tasks, as theyowld consistently provide higher accuracy restiisnconventional single
strong machine learning modelslowever, @semble classificationsrequire more
computation than any other single model. The common types of enseanbsyes

optimal classifier antdoosting

Bayes optimal classifies a simplemethodto construct machine learning classifieA
Bayes optimal classifiesonsideed each input featurareassumed to be independent of
each otherFor examplesome fruitsare maybeorangefruit, orange colourround, and
about D cm in dianeter.Therearethree features created for orarfgat classification
colour, shape, and sizeA Bayes optimal classifieronsiders each of these features to
contribute independently to the probability that this freian orange regardless of any
possible correlatiobetween the colar, shapeandsizefeaturesBayes optimal classifier
can be trained efficiently for probability models in supervised machine learAiisg,
Bayes optimal classifiarses amaximum likelihood method for parameter esdtion.
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AdaBoostist he most common Dboosti ngln AdadBgastr i t hr
algorithms, the learning procedure consecutivelgdinew models to provide a more
accurate estimate of the response variables dligorithm's principal idei to construct

the new baséearners to be maximally correlated with the negative gradient of the loss

function associated with the whole ensembile.

k-nearest neighbors algorithm(k-NN) k-NN is a simple classification algorithm based

on calculatingthe disance (usually the Euclidean distance) between the new element to
be classified and the elements in the training ls@&N is also called instanekased
learning, where all coputations are postponed until the end of classification
Classification of the gbctis based on th@eighbous &election which was correctly
classified at the time of training nd t hat n eisapdighed torthé sbjed-1 a s s
NN accuracy anbe improved by normalizing the trainidgta.A useful techniqués to

allocate weights to the neighbors so that the closer neighbors can contribute more to the

average than the more distant ones.

Figure 6.5 Example for KNN (Wikipedia)

ForexamplgFigure6.5), the test sampleo(angedot) should be classifieaseithergreen
squares obluetriangles. Itk = 3 (theinnercircle), it was assigned to thielue triangles
because theravere two triangles and onlyne square inside the inner diec If k =

5 (outercircle), it was assigned to thgreensquarestfireesquares véwo triangles inside

the outer circle).
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6.6.3. Validation Methods

The dataset data set was divided into two parts; one pafomagining andthe second

part was for validation. K fold crosalidation technique was used for validation. The k
fold techniquepartitions data into kold; for exampleif k=5, the feature set would be
divided intofive equal size. One subsetvas used for validatigrand the remaining
subsetsvere used for trainingrhis processvas repeated k timesuch that each subset

was used exactly once for validatidfinally, the kfold crossvalidation techniquevas

used to estimate the accuracy of the classifiers. In this project, the results obtained for k

fold crossvalidation usedive folds.

6.7 Results

A total of 450 trials were used to creatdatasetAll five sets offeatures such as time
domain, frequency domain features, biomechanical features, strength features, and person
featureswere extracted for all 450 trial3his feature seteferredto a feature vectqr

follow up fall information listed as class in the daset, can either be fallers or ron
fallers. In this dataset, 234 trials were identified as falkemd 216 trials were identified

as nomrfallers.

Extracted Feature vector from Full features used to check

dataset

classifiers

performance(increase/decrease)

Features selection by
rank features using chi-
square test (rank) used

Features selection by rank
features using F-test(p-value)
used for classification

for classification

Figure 6.6 Selected three feature set for classificati@ining
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In this work, three feature sgtFigure6.6) were usedor classification the first feature
set contaird all the featuresthe second featursetcontaired features selected bytest
(18features+7biomechancical features=25featyees) the feature set contadfeatures
selected by chsquare tesi(15feature+7biomechanical features=22featuréd) the

features were standardised before classifier training.

6.7.1. Full Featuresetresults

Full features were used to train the classifier. Many classifiers weez tésit three
classifiers (SVM, KNN and Ensemble) performed better than other classifi€ghic
kernel function was used hilge SVM classifier. Ensemblelassifierused boosted tree
the method wafédaBoost, and learner type was decision tree. FiN&lkvas usedby k-
NN, the number of neighbors was 1, Euclidean distadedrix was usedand distance

weight was equal.

For full features (Table &0), three classifiers lthgiven comparatively better results
SVM, k-NN and ensembleith 802%, 79.68%, and77.6% accuray, respectivelyk-NN
classifier had more sensitivity (81%) thtme other two classifiers (79% SVM and 78%
ensemble). SVM classifier (81.5%) had better spatyfthan other classifiers (78.2% k

NN, 77.3% ensemble). SVM had better precision (82.2%) than the other two classifiers
(80.1% kNN, 78.8% ensemble)The F-Measure result had been used to compare
classifier performance; SVM (80.57%) andNi (80.55%) wee performed better than
ensemble (78.45%)

Table6.10 Full Feature set classification results

Classifier SVM (cubic SVM) KNN (fine KNN) Ensemble
Confusion Matrix Accuracy 80.2% 79.6% 77.6%
Precision 82.2% 80.1% 78.8%
Recall/Sensitivity 79% 81% 78%
Specificity 81.5% 78.2% 77.3%
F-Measure 80.57% 80.55% 78.45%
Typel Error 19% 22% 23%
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Type2 Error 20.9% 20.4% 22.2%
Error rate 19.80% 20.40% 22.40%
AUC 0.87 0.80 0.85
TypelError (false alarm)represerddt he A Fal s e PlocontrastTymed v al

Error (missed positive casp)r e sent s
t he

t h e Typd2BriosvalueNaghew i v e 0
t o nopfallersl SVM tlassifieryhadf a | |
less typel error (0.19%) rate compared to other classifier (0.228Nkand 0.23%

systembs failure
ensemble). The K-NN classifier had aower type2 error rate of 20.4 % thasther

classifies (20.9% SVM, 22.2% ensemble).

The ROC curvdFigure6.7) was plotted with TPRxgainst the FPRvhere TPRwas on
they-axis and FPRvas on the xaxis. The AUC qavea single value which explains the
probability thateach algorithm would correctly classify a random samfsllemodels
performed very well in thisompletefeature setbut the SVM algorithnshowedhe best
performance, with AUC = .87 compared to th&lld (AUC = .80) and the ensemble
(AUC = .85).

Full Features

Fine KNN

Cubic SVM

1F i

True positive rate

0.8 [

d
=Y
T

I
~
T

0.2

(0.19,0.79)

Positive class: 1
AUC =0.87

ROC curve
Area under curve (AUC)
® Current classifier

Irue posiuve rate

I
~

0.8

o
o

0.2

ok

(0.22,0.81)

Positive class: 1
AUC =0.80

=——=ROC curve
Area under curve (AUC)
® Current classifier

7Figure 6.7 Area Under the Curve (AUC) results for best two classifiersguBinl feature set, cub
SVM algorithm produced 87% AUC and the Fine KNN produced 80% AUC
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6.7.2. Chi-squareFeature set results

Twenty-two features were used to train the classifggain, many classifiers were texst

but again same three classifiers (SVM\K and ensemble) performed better than other
classifiers.The SVM classifier used the cubic kernel functizmsembleclassifierused
boosted trees, the method wedaBoost, and learner type was decision tiF@ee kNN
was usedy k-NN, thenumber of neighbors was 1, Euclidean distavietrix was used,

and distance weight was equal.

The resultqFigure 68) reveal that some of the classifiersdlshowna comparatively
lower error rateespecially the SVMwhich had classified 209/234 fallers and 192/234

non-fallers correctly.

Model 1.11 (Cubic SVM)

Basically 25 fallers (true class)

predicted as non-fallers

Fallers 25

False Positive (FN)

True positive (TP)

Basically 24 non-fallers (true

True Class

class) predicted as fallers

Nonfallers 24

False Negative (FP)

True Negative (TN)

Fallers Nonfallers
Predicted Class

Figure 6.8 Confusion matrix for SVM

Table 6.11 shows the cbguare feature set classification results for-pestorming three
classifiers for the chsquare feature sethe three classifiers with comparatively better
results were SVM, ensemble, andNi with 89.3%, 89.1%, and 83.6% accuraBVM
classifier had more sensitivity38.9%9 thanthe other two classifiers88.0%ensemble
and 82.1% k-NN). Ensemble classifiers had better specifici90.8%99 than other
classifiers §8.% SVM, 85.2%k-NN). Ensemble had better precisi@®(7%9 thanthe

158



other two classifiex(90.4%SVM, 85.7%k-NN). TheF-Measure result had been used
compare classifier performance; SVRD@0) and ensemble39%) were performed better
than kNN (84%).

Table6.11 Classification results fahechi-square feature se

Chi-square features set classification | SVM Cubic Ensemble KNN
results /Classifier Boosted Trees | Fine KNN
Confusion Matrix Accuracy 89.3% 89.1% 83.6%
Precision 90.4% 90.7% 85.7%
Recall/Sensitivity 88.9% 88.0% 82.1%
Specificity 89.8% 90.3% 85.2%
F-Measure 90% 89% 84%
Typel Error 11.1% 12% 17.9%
Type2 Error 10.2% 9.7% 14.8%
Error rate 10.70% 10.90% 16.40%
AUC 0.93 0.95 0.84

SVM classifier had lesg/pelerror (11.199 ratethan other classifier€l2% ensemble
and 17.9% KNN). Ensemble classifiers hadowertype2error rateof 9.7%thanother
classifies (10.2 % SVM, 14.8% 4N).

The AUC qve (Figure 6.9) a single value which explains the probability tleaich
algorithm would correctly classify random sampl@ll models perform very well in this
chi-square feature sebut theEnsemblealgorithm showedthe best performance, with
AUC =0.9% compared to the-KIN (AUC =0.84) and theSVM (AUC =0.93).
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Chi-square feature selection

Model 1.11 (Cubic SVM) Model 1.21 (Boosted Trees)

(0.10,0.89) (0.10,0.88)
08 08}
2 2
® 06 ® 06
g Positive class: Fallers g Positive class: Fallers
2 AUC =0.93 2 AUC = 0.95
o o
a a
o o
2 04 204
= —
021 02
[——Roccuve |[——ROCcurve
o Area under curve (AUC) [ Area under curve (AUC)
®  Current classifier ®  Current classifier
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

False positive rate False positive rate

Figure 6.9 Area Under the Curve (AUC) results for best two classifiers usinggumre feature set, cul
SVM algorithm produced 93% AUC and the Boosted trees produced 95% AUC

6.7.3. F-Test Fetreset results

Twenty-five features were used to train the classifigrain, many classifiers were test
but again same three classifiers (SVM\IK and ensemble) performed better than other

classifiers.

The SVM classifier used the cubic kerriehction Ensembleclassifierused boosted
trees, the method wasdlaBoost, and learner type was decision tree. FiN& kvas used
by k-NN, the number of neighbors was 1, Euclidean distaktarix was usedand

distance weight was equal.

For Ftest featuresTable 6.2 shows the resulthtee classifieraith comparatively better
resultswere SVM, ensemble andXMN with 89.1%, 86.26, and83.6% accurate results,
respectivelySVM classifier had more sensitivit$9.3%) thanthe other two classifiers
(82.1%ensemble and@3.3% k-NN). Ensemble classifiers had better specificé.7%)
than other classifier88.%6 SVM, 83.3% k-NN). Ensemble had better precisi®@d £%)
thantheother two classifiex(89.7% SVM, 84.8% k-NN). TheF-Measure result had been
used to compare classifier performance; SVM 9 and ensemble 86%) were
performed better than-MN (84%). SVM classifier had lesg/pel error (10.7%) rate
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compared to other classifier (17.9% ensemble and 16:F)k Ensemble classifiers
had lesgype2errorrateof 9.3%thanother classifies (11.1 % SVM, 16.2% {NN)

Table6.12 Classification results for-Fest feature set

Classifiers for Ftest SVM (Cubic Ensemble (Boosted KNN (Fine KNN)
SVM) Trees)
Confusion Matrix Accuracy 89.1% 86.2% 83.6%
Precision 89.7% 90.6% 84.8%
Recall/Sensitivity 89.3% 82.1% 83.3%
Specificity 88.9% 90.7% 83.3%
AUC 0.94 0.94 0.84
F-Measure 0.89 0.86 0.84
Typel Error 10.7% 17.9% 16.7%
TypeZ2 Error 11.1% 9.3% 16.2%
Error rate 10.90% 13.80% 16.40%

In this F-Testfeature setall models perforrad very well, but theEnsembleand SVM
classifiersshowedthe best performanc@-igure 6.10), with AUC = 0.94 for both
compared to the-KN (AUC =0.84).

F-test features selectiomereused

Cubic SVM Ensemble Ada Boost

08 08 (0.09,0.82)

o
o

Positive class: Fallers
AUC =0.94

Positive class: Fallers
AUC =0.94

True positive rate
True positive rate

o
IS

02 02t

= ROC curve ROC curve
or Area under curve (AUC) or Area under curve (AUC)
®  Current classifier ®  Current classifier

I . I . . . L
0 02 04 06 08 1 0 0.2 0.4 0.6 0.8 1
False positive rate False positive rate

Figure 6.10 Area Under the Curve (AUC) results for best two classifiers usiigdt feature set, cul
SVM algorithm produced 94% AUC and the EnsembleBatsst produced 94% AUC
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6.8 Discussion

This study aimedo designthe stair fall risk classificationsystem usingsupervised
machine learning algorithmshe input data sample represents the older participants trials
(450trials Eachsamplen the dataetrepresentsanolder adulwho belongs to one of the
two classes (fallers or ndallers). Theinput dimensiondepends on the features (81)
associated witholder adult$ trials. The classifiers' outpw were binary valuesfor
example,l represents thiallers groupand O represents the néadlers groupThere were
52% of samplelata fallers and 48%onfallers.

This work explored two filter type featursglection algorithmto reduce théeature set's
sizeand improve classification accuradjhosetwo algorithms werghe chi-square test
and Ftest. Thechi-square feature selection algorithm's advantags thatit returred
rank foreachfeature (risk factor), based on the discriminative power between fallers and
nonfallers. F-testreturnsa p-valuefor eachfeature,which had less than 0.05values
indicating that theorresponding predictor wagynificant for classificationBy selecting
these features, the classification accura@gimproved Both algorithms showed &
mean acceleration, foatearanceand velocity were the top three featureghvstrong
discrimination power between fallers and ffalters. This is because fallers' foot
clearance was less than that of +ialkers, and acceleration and velocity were higber
fallers than nofallers (table 6.3)

Three different feature sets were trained, one with full features (A3gctaire feature set
(B) and Ftest feature set(C). The feature 8t contained all the features (A) did not
perform well, so it was not comparedth otherresults The other two feature sets (B and

C) performed wellso the feature s&B and C resultarecompared below

After selecting feature sets, many algorithms were traioedassifyfallers and non
fallers. However,only three algorithms were performed welupport Vector Machine
(SVM), k-nearest neighbors algorithm, aBdsemble (AdaBoostResultsshowedthat

all threeselected algorithmsoaild perform with high accuracy, sensitivity, and specificity
despite subantial differences imowthe algorithms work.
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Table6.13 Chi-square and Hest classification results comparisongreencolour indicats that the first
best results for that evaluation metrics, the reldwoshovs the seconeest results for that evaluation

metrics

Evaluation Precision Recall/sensitivity Accuracy F-Measure

metrics

Classifier | Feature | Feature| Feature | Feature | Feature | Feature | Feature| Feature
set(B) | set(C) | set(B) set(C) set(B) set(C) set(B) | setC)

SVM 90.4% |89.7% |BENOBr |B89.3% |B893% |EONF | 90% | BOOb
Ensemble [90.7% |BOIBSh | 88.0% |82.1% |GOMP |862% |BOb | 86%
k-NN 85.7% | 84.8% |82.1% |83.3% |83.6% |83.6% |84% | 84%

The aboveTable 6.13 shows the precision, recall and-fReasure for all thre&rained
algorithms from two different feature sets (B and C). Green colour indibetdirstbest
results for that evaluation metrjdbe red colour showthe secondest results for that

evaluation metcs.

Accuracy is the percentage of the total numbeoaofect predictionsThe 89.3% of fallers
were correctly classified by the SVM classifier (feature seffBg Ensemble classifier

correctly classified 89.1% of fallers

Precisioncalculates the ratio of corrégtclassified instances amongo#eclassified as
positive. For example, precision represents the ratio between the number of fallers
correctly predicted and the total number of predicted fallers correctly and incqrtieetly
90.7% of older adulterho were classifid as fallers were actually faller§he enxsemble
classifier had better precision (90.7(B), 90.6(C)) tt@mother two classifiexin both

feature sets.

Sensitivity is the ability of a test to correctly identifylléas (true positive rate)for
example Recall(sensitivity) is the ratio between the number of fallers that are correctly
predicted and the total number of actual fallers in the datag#. algorithm had better
sensitivity for both feature sets (89.3 @)(88.9 % (B}than the other classifierSo, the

SVM algorithm can classif§9.3% of fallersamong all fallers in the dataset.
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The weighted average of the sensitivity and precision is ctidkeH1 score F-Measure

provides a single score that balancethlthe concerns of precision and recall in one
number, and it helps to distinguistkethe
over all feature set ( Bforéesampel fa S\A4M afgorithm hagd e r f ¢
better Fmeasure of 90% for feature set (B) dihdensemble algorithm had second better

results for Fmeasure 89% for feature set(B).

Support Vector Machine classifier gives significant prediction results, shown ie Tabl
6.13 as they have their own predictive power in computiigo, SVM gives significant
results in terms of ROC value and lower error rate for fallers misclassification, wésch

much better than the other classifiers.

Overall the support vector machanclassification modelas more effective than other

models for predicting faller@=allers.

6.8.1. The prediction of stair fall risk in future

A classification model had been trained to classify fall informafigmpendix G) Fall
risk predictioncan bemace inthe future based on the instrumensethsoishoe and our

trained classification algorithms if applied to large groups of older people.

In future, instrumented sensor sk@an be testeth a home environment. Thew data

from instrumented sensor shoesthe houses are not directly applicabletw trained
classification model. Before using our trednalgorithm we need to extract the same
features (features set (B)sed in this project. Follow up fall information (fallers/aon
fallers) is notrequired in the future to use our trained classification algorithm. Because
our trained algorithm learned the patterns from the database used in this. pyibgct
successful features extraction, our trained classification model can be applied to new

extracted fatures(withoutaclass label).

Thetrained classification model can thpredicteither fallers (high risk of falling) or
nonfallers (low risk of falling). Figure 6.18hows how these data are represeatsl
processed by the trained model in the futur&iure 611, (A) represents classification
training, (B) represents Validation, and (C) represents new data testigghestrained
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algorithm. Note that all algorithnhat return predictionsthat suggesa neafcertainty

that this trial isa high risk offalling/low risk of falling.

(A)
Class (faller/non- »
fallers)
Individual
algorithm
Training Dataset Feature selector in trainin
1.T-test, 2. Chi-square > 8
test 3. Full features
(B)
L Class (faller/non-
fallers)
Trained
algorithms
Training Dataset Feature selector
& | 1.T-test, 2. Chi-square
test 3. Full features —>
¥
Machine
Statistical comparison (accuracy, sensitivity, specificity) ——p] generated
redictions
(© "
New Data
Feature selector I 3
Trained Machine
algorithm |———»| generated
predictions

Figure 6.11 (A)Training (B)Validation (C)Trained algorithm for future testing

Simulatingall the external conditionis techncally challengingand may modify the older
adul t 6s st ai r n.eTheoetlistia &approach cquig test the stam flallcrisk
parameter in redlfe staircases.The developed instrumented sensor shalws
recordingvarious stair fall risk parametergo identify the stair fall risk. Using stair
specific biomechanical parameters measured idifealonditions together with a higher
sample size imeallife stair negotiation conditions could improve the predictive power of

ourtrainedmachire learning algorithm
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6.9 Conclusion

In this study, instrumented sensor shoe was successfully designed, validated, tested in the
houses Also, a stair fall classificationsystem was created usisgpervisednachine
learning algorithms. SVM, ensemble andNK algorithm gave better precision,
sensitivity, and FmeasureData need to be collected from their own living environment
using sensor shoes for future fall risk predictidhese collected data needomanalyse

to compute the appropriate feature set. Then, the risk of a possildarfdieevaluated
throughour trainedclassification algorithmsgOnce the trained algorithm provides output
aboutthe subjects at high risk of falling, those older peoyilebe informed about their

high risk of falling. They will be recommeretifor afall preventionexercise programun

by NHSto improve their balance on the stairs.
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CHAPTER 7: General Discussion
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7.1 Purpose

The overall purpose of this thesis was to develop an instrumented shoe with a novel
combination of sensors that can identify older adidtsparametertor a fall on stairs at

the community level and in their natural hoemironmentldentified fall risk parameters

were used in the machine learning algorithm to classify older adults at risk of falling.
Identified high risk older adults can then be reddrto fall prevention and exercise

programs to improve their strength and balance to avoid future falls.

7.2 Summary of experimental findings

Chapter 3Sensor Shoe Development

Stair fall risk parameters have been identified using extensive study on st#ies in
laboratory. However, laboratotyased fall risk parameters require expensive,
cumbersome equipment and instrumentation. Also, laboratsgd equipment is not

able to tesat real houses. On the other hand, most stair falls occur at home, so a simple
solution would be helpful to predict fall risk at home. So, a simple prototype wearable
sensor shoe was developed to fill the gap between the laboratory measurements and stair

fall risk assessment mctwal houses.

An instrumented shoe was developeddtedt stair fall risk parameters at the community

level and not only in the laboratory. Three loast sensors were used to create the
instrumented shoe: a vi6180x distance sensor, a BNOO055 IMU and an FSR force sensor
and each sensor shoe cost £200 toywredso a total cost of £400 for both instrumented
shoes. Participants walked with this instrumented shoe outside the houses during the data
collection in different homes. The sensors were not damaged due to the sensor cases, so

this showed the durabilityf the instrumented shoe.

Fitting many sensors all over the body might affect a participant's daily actimity
contrastjf the sensors are incorporated in the shoe, many people will happily wear them
at home to collect data for longefhat was the maimeason for focusing on only
instrumented shoes. Even though few risk parameters were implemented, we can predict
the fall risk in the future using this set of powerful parameters. The sensor shoe has the

potential to add more sensors in future. Older fEopn use this sensor shoe at home
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without any assistance (just required to press a button on the shoe). Data is stored in the
Storage (SD) card and are processed later to predict stair fall risk. This system won't affect

their gait, is less expensivajdican collect data for longer.

ChaptedSensor Shoebs stair fall ri sk par ame

The instrumented shoe's extracted stair fall risk parameters validated against fall

risk parametersollectedthrougha Vicon systemn a biomechanics laboratoiyifferent
approaches are available to track human motion: Optical motion systems (such as Vicon
or Optotrak) and commercial IMU sensors such as MTw(Xsens). However, the most
widely used and accepted system to track stairbefigh motion is the optical motion
system because it has high accuracy when operating in controlled environments. This
Vicon optical motion system was used in our lahf s@sdecided to comparthesensor

results with the Vicon system.

Instrumented shaefall risk parameters such as foot clearance, foot contact length, and
cycle time were validated against fperameters measured with tieon system. There

were two different methodsprrelationandBland Altman plot(B&A) used to compare

the resultsThe correlation coefficient describes the relationship between two methods
(sensor and vicon); sensor shoe's foot clearance, foot contact length ratio and cycle time
had a high positive linear correlation with the vicon system. But this correlation aloes n
describe their agreemefiland and Altman 1986)A high correlation does not mean a
good agreement between the two methods. So, the Blmén plot was used to

measure the agreement betwawo methods by constructing limits of agreement.

The maximum acceptable difference for foot clearance was 5and this was set by the
researcher. The B&A plot results showed that the sensor shoe's foot clearance
measurements were 0.@&m(bias), andhe limits of agreements results were from 4.7
mm to-4.6 mm. This limit comes within the acceptable difference, so this method of

calculating foot clearance can be usethafuture.

The maximum acceptable difference for foot contact length was 1584y#si set by the
researcher. The B&A plot results showed that the sensor shoe's foot contact length

measurements wer% (bias), and the limits of agreements results were from 10% to
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13.9%. This limit comes within the acceptable difference, so this methcalculating

foot contact length can be usedfe future.

The maximum acceptable difference for cycle time was@conds; this was set by the
researcher. The B&A plot results showed that the sensor shoe's cycle time measurements
were 0.2seconds(l@s), and the limits of agreements results were frons€cbnds te

0.14 seconds. This limit comes within the acceptable difference, so this method of

calculating cycle time can be usedhefuture.

These 95% limits of agreement were small enough twobé&dent that the new method
(sensor shoe) can calculate foot clearance, foot contact length ratio and cycle time in place
of the VICON method.

Chapter5 Stair fall risk parameters comparison betwessontrolled environment and

uncontrolledenvironment

This chapter investigate whether older adults maintained their staggotiating
behaviour whemegotiatingdifferent staircase dimensions. It was found that most of the
older adults didnaintaintheir stairnegotiating behaviour, for both ascent and desoent
similar staircasg altered their stair behaviotor different stair dimensions of 2010, 1920

and19 06 s houses.

In ascending, older adults spent less tiffaster) to climb consistent (the 1920s and
1970s) straight stairg.his researctiTempler 1995¥ound that straight flights of stairs
without landings accounted for 52% of all accidentse Jtnaight staircase might be the

case because the path of straight flights is often clear and uninterrupted, so stair users are
reassured into a false sense of siég@nd reduced attention. However, straight flights

may also result in more severe injuries because there is no place where the fall may be

broken on the stairway.

The ascending and descending foot contact length ratio was less (mean= 67%) for
inconsistat (the 2010s) stairs. It shows that the risk of overstepping increases on
narrower stairs (the 2010s) due to lack of space to place the foot(sadgs/and Wright

2005) Descending foot contact length ratio is more critical for safe stair negotiation

(Roys, 2013); for example, older adults who usually have less foot contact length ratio
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might experience a falflRoys and Wright 2005)if less than 70% of the foot contact
length regularly, there is an increased risk of a slip over theesligg(Roys 2013) but
the British Standards Institution (BSI) indicakat less than 50% of foot contact length
ratio would most likely lead to a fall (BSI 2010).

Winder stairs are more dangerous than standard stair designs because cithiéonon

tread width; recent studies concerning stair accidents reveal thas tios frue (Wells
1977).0lder adults used increased cadence and increased entry and exit foot clearance
compared to other houses to suppors.thh contrast, the foot contact lengtitio
decreased compared to other houses due to the walking portioa wéad being less

than the other two houseBhe 201G staircasgwinder staircasegontains210 mm rise

and from185mm to 230mm going configurationf the feet are placed forward, the ball

of the lead foot is placed outside the edge of the stephwelaic reduce the balance and
result in a fall. Older adults find ¢hallengingto negotiate staircases with high steges

or short stegoings, and this configuration challenges muscle strength and postural
stability. The reason for this, older adultstgheir best support when they place most of
their foot on the tread, but this is not always possible because the going of the winder
staircase was less than the older adults foot length. Therefore, to safely negotiate this
small going, they need to tutheir feet to the side of each step. Otherwise, robthe

feet will overhangln addition, older adults foot clearances over the middle steps

less for the 2010s staircase for both ascending and descending; this would increase the
risk of a toecatch, and the chances of tripping increase when individuals have less foot
clearancdHamel, Okita et al. 2005)

Older adults showed a safe strategy for ascending ialbeatory andlescending in the
houses. In contrast, older adults showed a riskier strategy for descientthi@igboratory
andascending in the house3lder adults had less foot clearance in the entry steps and
more variability in the foot clearance in the houses than in the lab. It is already
demonstrated that many stairway accidents occur on the toptombstairs (templer.
1985)asan older adult might be looking around for the next part af thevement so

their attention might not be entirely focused on the stairway (Templer.1985)ossible

to conclude thahouse staircasese not safer becaaithere was moregariability in the

foot clearance, leading to trip. In the laboratory staircase, due to less rise and more going,
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starting foot clearance and ending foot contact length was high compareases with
less variability. Therefore, it showlsat the laboratory staircase is safer ttrenexemplar

houses.

There was no interaction betwethe follow-up group (faller/nonfallers) and different
environments, so botfallersandnonfallersgroup would be at an increased fall risk by
the exact mehanism on different environments. However, the consequences will likely
be more severe for thiallers groupbecause they do not have the adequate strength

reserves to recover when they lose balance (Foster, Maganaris et al 2019)

Older adults who had agurious fall showed more variability fioot clearance and more
variability in foot contactlength than others. Older adults afraid of falling showed
increased cadence variability; this stealless stabilityandled to a fall. High risk older

adults from the berg balance scale had normal cadenceqjl@mpared to low and
moderate risk older adults (high cadence); this shows that high risk older adults take some

cautious strategies to stay safe in the stairs.

With only current statistical results, it is hard tatewho is at risk of falling in the future,
so the machine learning method was used to find future fajpreskction Despite many
similarities between the statistical and machine learning methodgaittene Learning
algorithm is differentiated from statistical inference by predictinglifsabutcomes from

new data.

Chapter6: Identify Fallrisk usingNovel sensors and Machine learning algorithm

This study aimed to design the stair fiadlk detedbn system using supervised machine
learning algorithmsThe input data sample represents the older participants trials (450
trials) in this studyEach sample in the dataset represents an older adult who belongs to
one of the two classes (fallers or A@tlers). The input dimension depends on the features
(81feature$ associated with older adults' trials. The classifiers’ outputs were binary
values; for example, 1 represents the fallers group, and 0 represents-tAkkensgroup.

There were 52% of sartgdata contained fallers, and 48% of sample data hatalers.

There were 81 features (risk parameters) extracted from the data set; feature selection

methods were applied to select appropriate features. Feature selection methods showed
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that mean accetation, foot clearance, and velocity were the top three features with strong
discrimination power between fallers and Halers. Fallers' foot clearance was less than
the nonfallers group and acceleration and velocity were higher for fallers than non

fallers.

After selecting feature sets, many algorithms were trafoedassifyfallers and non
fallers. However, only three algorithms were performed well: Support Vector Machine
(SVM), k-nearest neighbors algorithm, and Ensemble (AdaBoost).

The ensemblelassifier had better precision than the other two classifiers. On the other
hand,the SVM algorithm had better sensitivity than the other classifiers. So, the SVM
algorithm can classify 89.3% of fallers among all fallers in the dataased on the F1
score, the overall SVM algorithm had bettemieasure of 90%, and the ensemble

algorithm had second better results femEasure 89%.

Support Vector Machine classifier gives significant prediction results, as they have their
own predictive power inomputing. Also, SVM provides substantial results in ROC value
and lower error rate for fallers misclassification, which was much better than the other
classifiers. Overall, the support vector machi8¥%M) classification model was more
effective than othemachine learning models for predicting falless.successfully

developed machine learning algorithm can test future fall risks of older people.

Simulating all the external conditions that may modify the older adult's stair negatiation
and also it is tehnically challengingSo therealistic approach could be to test the stair

fall risk parameter in redife staircases. Advancements in wearable sensors, such as our
developed instrumented sensor shoe, allow recording various input parameters to identify
the stair fall risk. Using biomechanical parameters measured ififesabnditions could
improve the machine learning algorithm's predictive poWmeaiddition,older people can

use this sensor shoe at home without any assistance (just pressing thenkib#shoe).

Data will be stored in the stora¢féD) card. Those data will be processed to predict stair
falls. The collected raw data from sensor shoes in the houses are not directly appliable for
our trained classification model. Before using oumiedi algorithm, we need to extract

the same features used in this project. Follow up fall information (faller$atiers) is

not required in the future to use our trained classification algorithm. Because our trained
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algorithm learned the patterns frometdatabase used in this projedter successful
features extraction, our trained classification model can be applibé tew extracted

features (without a class label).

The trained classification model can then predict fallers (high risk of fallimg)nan

fallers (low risk of falling). In the future, all algorithms return predictions that suggest a
nearcertainty that this trial is a high risk of falliffgllersylow risk of falling(nonfallers).

Once the trained algorithm provides outpbbutwho ae at high risk of falling, those

older people will be informed about their high risk of falling and recommended for the
fall prevention exercise prograrun by NHS to improve their balance on the stairs.

The developed instrumented shoe in lasgale poplations without a dedicated gait
laboratory opens new possibilities for stair fall risk detection and prevention at the
community level. The instrumented shoe was successfully developed, validated, and
tested in actual houses. In addition, a classificatalgorithm was developed to
differentiate fallers and nefallers, which could detect stair fall risk in the future. Despite
many similarities, the Machine Learning algorithm is distinguished from statistical
inference by predicting redife outcomes fom new data. First, data must be collected
from sensors at home and analysed to compute the appropriate feature set to predict fall
risk. Then, the risk of a possible fall will be evaluated through classification algorithms.
Finally, some specialised exése programmill prevent future falls by improvinthe

gait and mobilityof high risk older adults

7.3 Stair falls

Many studies focus on falls in general, but only a few studies focus on stair falls. Two
different stair fal study paradigmsare available, the one in the laboratory to examine
stair fall risk parameters with specialist and expensive biomechanical analysis equipment.
The other researgaradigmfocuses on detecting falls (actual fallhen it is happening)

using sensors at homdhis project fills the gap between these tleonainsby using an
instrumented shoe with special sensors to detect fall risk using the parameters that have
been found to constitute a fakk in the laboratory. Twentfive people were tested, and

13 peple had a slip, trip, and fall in the following six mon{gppendix F) Although

one of the participants had two falls in the-signth followrup, that participant slowly

negotiated the laboratory staircase. Even though that participant was cautialid ngite
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pay attention to the environment (things on the stair), which caused her a fall, and she
needed surgery after a fall. Another participant showed less foot contact length ratio in
the laboratory, and he had two trips at his home staircase, butitheyt cause a
significant fall. Another participant had a trip, but she managed to retain her balance, so
no fall was recorded, based on the sensor data, and she did not show any risky behaviour
for falls. The remaining participants who hadfall or slip did not show any risky

behaviour for fall at the lab and houses data.

7.4 Limitations

Improvement in printed circuit board size (sensor shoe), making it even smaller, keep it
in a small, enclosed box would be iddaata were collected fromnty 25 participants
moreparticipantsvould be betteralong with a new, improved circuit board. This project
only focuses on different stair dimensiaisiow older people perfornit would be better

to include various risk factors such as ligbarpet and so onlIn addition, the current
circuit could only measure vertical clearance, not horizontal clearance. The horizontal
clearance is essential to find a risk for slip while descending stairs. This project's printed
circuit board can add a few moretdince sensors. With this ability, we can fit the distance
sensor at the back of the shoe to find out horizontal foot clearance while descending stairs.
We tried to fit the distance sensor at the shoe's (heek counter), but the datallection
frequency decreased. In addition, it was hard to fit the @i counter) of the shoe;
when the shoe's outer layer was thinner, the sensor went inside the sheasaud
comfortable to walk, so we didn't use this back distance senor(htaigdor data

collection.

People would not wear shoes at home in rea) bt they wear slippers. It was hard to

fit all the sensors in the slipper, so we decided to use thetshoeludethe required
sensors, which was practical. Instead of bringing older people to the lab to test whether
they have a risk of falling in the furte, we can teshemat home with this sensor shoe.
They need to wear them only when they use stairs. Instead of collecarapmrolled
environment, we will get realistic data that causesféllider adults need to wear them

for a few days, and therylanalysing (machine learning algoriththgir datg futurefall

risk can be preidted
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7.5 Future recommendations

In the future, we need to extract more fall risk parameters within the user environment as
this would be more beneficial for predicting stair fallss@l we need to test the

instrumented shoe in different staircase dimensions in the broader general living
environment of various user groups. Testing more people on real stairs will improve the

prediction of the stair fall risk.

Future research should ingphent the machine learning method in 4dal stair
negotiation conditions, avoiding the constraints necessary to conduct biomechanical
research in the lab. A way to achieve this is to collect relevant data using instrumented
sensor shoes. Furthermorehds been found that horizontal clearance of the foot to the
step edge, which indicates trip risk during descending, can be obtained using a distance
sensor by attaching the sensor at 8twme's back (heel counterTherefore, e
instrumented sensor sheath additional sensors for horizontal foot clearamgk be

useful to detecdtair fall risk.Furthermore ltese biomechanical parameters could be used

as inputto the machine learning algorithm, thus allowing the identification of risky

stepping strategs which causes the future fall in rdiéé¢ situations.

The present research wark/olvesthe potential study that has monitored falls on stairs
specifically and tested older adults in different house stairs. The current machine learning
was created wh fall and nefall as an output. This prediction system could be improved

by grouping the hazardous events based on the underlying mechanism that caused the
event €.g.,trip, slip or loss of balance) and linking these as an output to the machine

learningalgorithm to predict future risk of fall.

One other important factor that could facilitate the prevention of falls in older adults is
increasingthe awareness of the consequences of stair falls. Attention mgstdgo
peoplein their own homes, whetbey might falsely feel safer compared to less familiar
environments. When individuals feel more confident and safer, they are more likely to
take more risks, which increases the potential for alfaieasingawareness of stair fall

and the fundamentaangers of stairs might be an effective fall reduction intervention,

and future studies should consider experimentally testing this.
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The NHS is providing muscle strengthening and balance training for older people who
are all at risk of falt by recommendig people who are at risk of fallingnd this will

help them avoid future falls.

7.6 Implicatiors of this project

This project's approach testing at different houses' staircases has policy implications. It
may lead to revisions of the currdmiilding regulations relating to stair desigider

adults can negotiate standard stair configurations, although they adopt different strategies.
However, these strategies become more common and exaggerated as the staircase
configuration becomes challengi. In stair design, stepgse imposes the highest demand

on older individuals. Therefore, optimising stége and stejgoing may reduce lower

limb muscle strength demands and potentially lower fall risk.

We have explored stair dimensions, specifically skeprise and stegoing, since older
peoplemay lack the strength to cope with high steps and have difficulty landing safely
on narrow steps. The Chapter 5 results showed that most older adults maititeined
stepping behaviour when negotiating a famstaircase and altered stepping behaviour
for the different staircase. Furthermore, these findings indicate that the underlying
mechanism of a stair fall may remain stair dimensions that contain less going and more
rise. Thus, the stepping behavioumaofindividual at risk for a stair fatlan bemproved

through changing staircase dimensions.

Stairs should be designed so that everybody using the stair can do so comfortably and
safely while exerting the least energy. To ensure comfortable use and tadequa
proportioning, rise and going should be considered togdthbke rise is small, the going

should be proportionately greater to ensure that the stair is comfortable to use.

7.7 Conclusion

Applying the developed instrumented shoe in lasgale populatiomwithout a dedicated

gait laboratory opens new possibilities tbe community's stair fall risk detection and
prevention Theprototypeinstrumented shoe was successfully developed, validated, and
tested in actuaxemplamhouses. In addition, a clagsdtion algorithm was developed to

differentiate fallers and nefallers, which could detect stair fall risk in the future. Future
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research should implemetiite ubiquitous measurement ofore fall risk parameters in

more people in redife stair negotiatn conditions tamprove stairfall risk prediction.
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Appendices

Appendix A:
Instrumented sensoheed s PCB ( Printed Cir cuFigureBdar d)

and Figure A.2 show the designed right s
showthedesi gned | eft shoeds PCB design.
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RightShoeds insole design

Figure A.5 shows the designed insole PCB design.
KD 1801 s esopvge BRep R g - AL 50U - - - = ==

File Edit Draw View Tools Library Options Window Help

EHEF 2 W BB AR @ v~ @F 7 e, @
0.1inch (12.56.1) | v
i® 3

1%

Figure A5 Insole's design from Eagle software

Appendix B: LabVIEW User Interface Design:
Figure A.6 shows the LabVIEW user interface design.
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Figure A.6 User Interface designed using LABVIEW software
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LabVIEW Block Diagram fotheuser interface:

There were three COM portBigure A.7, one foraleft shoe (COM port), one faright
shoe (COM port2), and one for Arduirwehich was connected witheVicon system for
synchronigng (COM port3).
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Figure A.7 COM ports and Trigger process
When the vicon system starts collecting

vol tage signal d to Ardui no. ;Avhenh the voltagec on s
reaches O0greatenoldmani grwval, (Figute ABalséInEW a
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Figure A.8 Trigger to start data collection from Vicon
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LabVIEW constantly checkihe6 Ar d ui n o ;twhen gah\dEW receivesad H 6
sigm,bt hen LabVIEW sends a O0st ar tadedicajeda | (

Bluetooth system to start data collection from the skiigsire A.9)
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Figure A.10 Trigger to stop data collection from Vicon
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