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Abstract	
An	 impaired	mental	 and	 physical	 state	 such	 as	 fatigue,	 high	 level	 of	workload,	 or	
distraction,	 can	 make	 a	 driver	 prone	 to	 errors	 and	 lead	 to	 sub-optimal	 driving	
performance.	If	a	human	remains	in	full	or	partial	control	of	a	vehicle,	drivers’	state	is	
an	important	aspect	of	driving	and	cannot	be	neglected,	given	its	significant	impact	
on	road	safety.	 It	 is,	 therefore,	beneficial	 for	 future	automobiles	 to	be	 fitted	with	a	
feature	which	enables	detection	of	any	physical	and	mental	abnormalities	in	drivers’	
state	in	real	time	using	physiological	and	emotional	indicators.	Such	a	feature	is	often	
referred	 to	 as	 Driver	 State	Monitoring	 (DSM)	 system.	 It	 is	 forecasted	 that	 DSM	 is	
expected	to	become	a	standard	passenger	car	feature	by	2025	and	its	integration	is	
encouraged	by	the	standards	authorities.	
Previous	research	has	predominantly	considered	the	use	of	medical	grade	devices	for	
the	purpose	of	DSM.	Instead,	this	research	project	has	considered	the	potential	use	of	
Consumer	Electronic	Devices	 (CEDs)	as	part	of	DSM.	However,	 the	 literature	 lacks	
evidence	 that	 this	 can	 be	 accomplished	 in	 a	 valid	 and	 reliable	manner.	 Thus,	 the	
research,	 presented	 in	 this	 doctorate,	 aims	 to	 provide	 knowledge	 that	 describes	
feasibility	and	integration	of	CEDs	into	the	vehicles	for	the	purpose	of	DSM,	from	both	
technological	and	human	factors	perspectives.	
Firstly,	this	research	project	has	produced	a	model	of	a	hybrid	DSM	system.	The	model	
combines	 physiological	 and	 emotional	 sensing	 within	 CEDs.	 This	 can	 be	 used	 to	
enhance	validity	and	reliability	of	DSM	 in	a	 flexible	and	cost-efficient	manner.	The	
model	also	acknowledges	barriers	of	introduction	of	hybrid	DSM	into	the	automotive	
market.	
Acceptance,	one	of	the	important	adoption	barriers	of	DSM	technology,	was	studied	
and	 behaviour	 intention	 to	 use	 the	 system	 was	 statistically	 appraised	 using	 the	
Unified	Theory	of	Acceptance	and	Use	of	Technology	(UTAUT)	model.	It	was	found	
that	social	influence	is	a	significant	factor	affecting	drivers’	behaviour	intention	to	use	
hybrid	DSM	in	the	near	future.	On	the	other	hand,	it	was	demonstrated	that	there	is	
no	 significant	 negative	 attitude	 towards	 the	 use	 of	 hybrid	DSM	 technology	 due	 to	
apprehension,	 intimidation,	 or	 fear	 of	 making	 mistakes.	 These	 findings	 indicate	
viability	of	DSM	in	the	driving	context.	
To	 further	deepen	understanding	of	CED-based	DSM,	 three	driving	 simulator	user	
trials	were	conducted.	Overall,	supporting	evidence	for	adoption	of	CEDs	in	DSM	was	
provided	 by	 utilising	 state	 of	 the	 art	 methodology	 in	 DSM	 while	 characterising	
sensory	capabilities	of	CEDs.	The	studies	were	specifically	aiming	to	(1)	determine	
the	 reliability	 and	 validity	 of	wearable	 CEDs	 to	measure	 human	 physiology	while	
driving,	 (2)	 provide	 supporting	 evidence	 for	 employing	 CEDs	 in	 physiological	 and	
emotional	 evaluation	 of	 common	 driving	 activities,	 and	 (3)	 explore	 the	 effect	 of	
cognitive	and	visual	workload	on	drivers’	state	and	driving	performance	during	the	
automated	 to	 manual	 control	 transition	 scenarios.	 All	 three	 studies	 have	
demonstrated	evidence	of	CEDs	being	well	suited	to	reliably	monitor	drivers’	state.	
For	 instance,	 it	 was	 demonstrated	 how	 an	 extent	 of	 workload	 can	 be	 reliably	
measured	 using	 heart	 rate	 variability,	 captured	 by	 means	 of	 CEDs	 in	 the	 driving	
context.	This	approach	could	enable	cost-efficient	access	to	drivers’	state	outside	of	
driving	activities.	
To	facilitate	this,	a	modular	and	cost-effective	mobile	DSM	toolkit	was	designed	and	
developed	in-house.	The	toolkit	enabled	driver-state-related	data	collection,	filtering,	
on-board	analysis,	storage,	and	synchronisation.	
It	can	be	concluded	that	this	EngD	has	successfully	demonstrated	that	CEDs	can	be	
used	for	the	purpose	of	DSM.	 	
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1 Introduction	

An	automobile	remains	an	integral	part	of	modern	society.	The	automotive	

industry’s	commutative	profits	are	forecasted	to	reach	approximately	£70	billion	

by	2020	(Mohr	et	al.,	2013).	The	industry,	consisting	of	myriad	of	market	players,	

is	 extremely	 competitive,	 requiring	 automakers	 to	 innovate	 in	 order	 to	 gain	

competitive	advantage	and	continues	growth	of	their	customer	base.	Specifically,	

the	 automakers	 aspire	 to	 meet	 their	 customers’	 needs	 by	 providing	means	 of	

transportation	 in	 the	most	 cost-effective,	 safe,	 and	 comfortable	manner.	 Thus,	

large	 number	 of	 innovations	 in	 the	 automotive	 domain	 are	 targeted	 towards	

safety	and	comfort	related	in-vehicle	features.	

During	 the	 20th	 century,	 automakers	 have	 significantly	 improved	

structural	 integrity	 of	 automobiles	 and	 promoted	 integration	 of	 passive	 safety	

features	such	as,	airbags	and	seat	belts.	This	has	helped	to	mitigate	risks	of	being	

injured	in	traffic-related	car	accidents	(Liikanen,	2002).	In	the	last	few	decades,	

ergonomists	and	human	factor	engineers	have	achieved	great	deal	of	success	in	

further	 reducing	 number	 of	 fatalities	 and	 injuries	 on	 roads	 by	 promoting	

integration	of	active	safety	features	or,	specifically,	Advanced	Driver	Assistance	

Systems	 (ADAS)	 into	 the	 vehicles	 such	 as,	 parking	 assist	 and	 Adaptive	 Cruise	

Control	(ACC).	Emergence	of	these	systems	have	significantly	enhanced	vehicles’	

awareness	 of	 driving	 situation	 and	 enabled	mitigation	 of	 driving	 performance	

abnormalities.	 In	 the	United	Kingdom	 (UK)	 alone,	 integration	 of	 various	 ADAS	

have	partially	fuelled	a	44%	reduction	in	traffic-related	fatalities	between	2006	

and	2016	despite	a	continuing	growth	of	motor	traffic	(Department	for	Transport,	

2017a).	

However,	 the	 risk	 of	 serious	 accidents	 on	 the	 UK	 roads	 is	 still	 present.	

Besides,	the	reduction	of	casualties	in	the	UK	has	stagnated	since	2010	(see	Figure	

1).	 It	 is,	 therefore,	 important	 to	 mitigate	 the	 cause	 of	 accidents	 and	 identify	

innovations	that	might	help	to	further	improve	road	safety.	According	to	NHTSA	

(2015),	 human	 errors	were	 the	 cause	 of	 nearly	 94%	 of	 their	 observed	 traffic-

related	accidents,	whereas,	only	6%	can	be	attributed	to	vehicle	malfunction.		
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Figure	1.	Reported	Road	Casualties	in	Great	Britain.	Adapted	from	Department	for	Transport	
(2017b).	

	

The	 human	 errors	 are	 often	 caused	 by	 drivers’	 impaired	 physical	 and	

mental	state.	For	instance,	presence	of	fatigue	(Lal	and	Craig,	2007),	high	level	of	

workload	 (Reimer	 and	 Mehler,	 2011),	 and	 distraction	 (Ranney,	 Garrott	 and	

Goodman,	 2000)	 were	 all	 found	 to	 negatively	 affect	 driving	 performance.	

Similarly,	 presence	 of	 extensive	 emotions,	 especially	 anger,	 can	make	 a	 driver	

prone	to	errors	and	could	lead	to	impaired	performance	on	public	roads		(Roidl,	

Frehse,	et	al.,	2013).	Given	a	significant	impact	of	drivers’	state	impairment	onto	

road	safety,	it	would	be	beneficial	for	future	automobiles	to	detect	any	physical	

and	mental	 abnormalities	 in	 real	 time.	 The	 appropriate	mitigation	 of	 impaired	

drivers’	 state	 could	 also	 make	 driving	 experience	 more	 comfortable	 and	

enjoyable.	Euro	NCAP	(2017),	in	their	 ‘In	Pursuit	of	Vision	Zero’	roadmap,	have	

emphasised	 the	 need	 for	 a	 system	 which	 can	 detect	 whether	 drivers	 are	

distracted,	fatigued,	or	experience	abnormal	levels	of	workload.	In	the	automotive	

domain,	 such	 a	 feature	 is	 often	 referred	 to	 as	 Driver	 State	 Monitoring	 (DSM)	

system.	Transportation	consultancy	firm	Frost	&	Sullivan	has	forecasted	that	the	

DSM	is	expected	to	become	a	standard	passenger	car	 feature	by	2025	(Frost	&	

Sullivan,	2015).	
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1.1 Problem	Summary	

By	conducting	a	critical	review	of	the	research	body	concerning	the	DSM,	

some	 approached	 to	 objective	 driver	 state	 estimation	 were	 identified.	 For	

instance,	certain	physiological	phenomena	such	as,	Heart		Rate	(HR),	Heart	Rate	

Variability	 (HRV),	 Galvanic	 Skin	 Response	 (GSR),	 and	 Peripheral	 Skin	

Temperature	 (PST),	 were	 all	 found	 to	 be	 associated	with	 the	 DSM	 constructs:	

distraction,	fatigue,	and	workload	(Kramer	and	Weber,	2000;	Stanton	et	al.,	2004).	

Those	 associations	 were	 previously	 validated	 using	 medical	 grade	 devices	

through	 series	 of	 well	 controlled	 user	 trials	 in	 both	 simulated	 and	 real	 road	

driving	(Brookhuis	and	de	Waard,	1993,	2010;	Healey	and	Picard,	2005;	Mehler	et	

al.,	 2009).	 Contrary	 to	 the	 widely	 used	 apparatus,	 this	 research	 project	 has	

considered	the	potential	use	of	Consumer	Electronic	Devices	(CEDs)	in	the	DSM.	

The	literature	lacks	evidence	that	this	can	be	accomplished	in	a	valid	and	reliable	

manner.	 Given	 that	 the	 DSM	 is	 relatively	 new	 concept,	 there	 is	 no	 clear	

understanding	of	how	CEDs	can	be	integrated	into	the	vehicle	for	the	purpose	of	

DSM	from	both	technological	and	human	factors	perspectives.	

1.2 EngD:	aim	and	objectives	

The	aim	of	this	project	is	to	provide	knowledge	that	describes	feasibility	

and	 integration	 of	 CEDs	 into	 the	 vehicles	 for	 the	 purpose	 of	 DSM,	 from	 both	

technological	and	human	factors	perspectives.	

1.2.1 Objectives	

1. Critically	review	the	body	of	literature	concerning	DSM;	

2. Outline	state-of-the-art	methodologies	of	DSM;	

3. Determine	 whether	 conventional	 methods	 of	 DSM	 can	 be	 implemented	

using	CEDs	as	well	as	outline	benefits	and	limitations	of	such	an	approach;	

4. Conduct	 series	 of	 user	 trials	 that	 demonstrate	 reliability	 and	 validity	 of	

CED-based	DSM	systems;	

5. Design	and	implement	a	prototype	of	such	a	system;	

6. Appraise	drivers’	acceptance	of	CED-based	DSM	systems;	

7. Demonstrate	 that	 the	 innovations	 of	 this	 EngD	 have	made	 a	 significant	

impact	for	the	sponsoring	company;	
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1.3 Statement	of	Innovation	

I. Defined	a	new	model	which	demonstrates	integration	of	consumer	grade	

electronics,	which	are	capable	of	monitoring	drivers'	state,	into	a	vehicle,	

its	benefits	and	barriers	to	market	introduction.	

II. Applied	 state-of-the-art	 methodology	 in	 monitoring	 drivers'	 state	 to	

characterise	capabilities	of	consumer	grade	electronics.	

III. Appraised	 one	 of	 the	 adoption	 barriers	 i.e.,	 acceptance,	 of	 driver	 state	

monitoring	 technology	 and	described	behaviour	 intention	 to	 use	 such	 a	

system.	

IV. Assessed	 the	 quality	 of	 SAE	 Level	 3	 automated	 to	 manual	 control	

transitions	scenarios	using	objective	driver	state	and	driving	performance	

indicators.	

V. Proposed	 a	 method	 to	 derive	 stabilisation	 times	 of	 physiological	 and	

driving	performance	indicators.	

VI. Developed	a	mobile	driver	state	monitoring	toolkit.	

1.4 Portfolio	Structure	

As	part	of	EngD	(International)	degree,	a	student	is	required	to	produce	a	

research	 project	 portfolio,	 which	 consists	 of	 multiple	 submissions,	 that	 are	

recorded	over	the	period	of	registration	(WMG,	2013).	This	section	summarised	

such	a	portfolio	and	draws	out	the	structure	and	timeline	of	research	work	that	

was	 completed	 as	 part	 of	 this	 degree.	 It	 is,	 therefore,	 recommended	 that	 the	

portfolio	 is	 reviewed	 in	 the	 order	 that	 is	 outlined	 in	 the	 portfolio	 structure	

diagram	(see	Figure	2).	

During	 the	 first	 year	 of	 this	 EngD,	 an	 initial	 problem	 investigation	was	

conducted.	As	 the	 result,	 Submissions	1	 and	2	were	 compiled.	 	 “Submission	1”	

captured	 DSM	 state-of-the-art	 at	 the	 beginning	 of	 this	 research	 project.	

Specifically,	 the	 literature	 review	 concerning	 driver	 state	 constructs	 was	

conducted.	 In	addition,	 the	submission	reflected	on	capabilities	of	various	DSM	

prototypes	and	summarised	underlying	methodologies	that	previous	researchers	

have	 adopted	 in	 both	 academia	 and	 industry.	 It	 also	 touched	 on	 driving	

performance	 and	 situational	 context	 metrics	 and	 its	 relevance	 to	 DSM.	

Furthermore,	“Submission	1”	established	the	role	of	consumer-grade	electronic	
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devices	 in	DSM	along	with	benefits	 and	 limitations	of	 such	an	approach.	As	 an	

outcome,	the	model	of	hybrid	DSM	was	proposed.	The	model	helped	to	shape	the	

vision	for	further	research	and	constrain	the	scope	of	this	EngD.	

	

	

Figure	2.	EngD	portfolio	structure	diagram.	

	

Subsequently,	 the	 “Submission	 2”	 is	 the	 report	 which	 summarises	

preliminary	desktop	driving	simulator	user	trial.	The	trial	was	set	to	investigate	

feasibility	of	using	consumer-grade	wearable	devices	in	an	objective	non-intrusive	
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DSM.	It	should	be	noted	that	the	focus	of	this	experiment	was	determined	by	the	

collaborative	nature	of	 this	EngD.	As	 it	was	previously	mentioned,	 this	EngD	 is	

partially	sponsored	by	the	industrial	partner	that	is,	Jaguar	Land	Rover.	Thus,	the	

chosen	study	design	and	apparatus	was	influenced	by	an	internal	project	within	

JLR,	 called	 “Heart”.	 Hence,	 the	 findings	 that	 were	 generated	 as	 part	 of	 this	

submission	 were	 communicated	 back	 to	 the	 sponsoring	 company	 and	 have	

potentially	 made	 an	 impact	 on	 future	 direction	 of	 JLR’s	 internal	 DSM-related	

research.	For	instance,	the	submission	clearly	identified	caveats	and	limitations	of	

DSM	 using	 CEDs,	 including	 both	 human	 factors	 and	 technological	 concerns.	

Finally,	 the	 feasibility	 of	 cost-effective	 DSM	 using	 CED	 was	 confirmed	 by	

demonstrating	relation	of	objective	physiological	responses	to	some	of	the	DSM	

constructs.	 In	 the	 driving	 context,	 this	was	 predominantly	 accomplished	 using	

medical	grade	electronic	devices	in	the	past.	The	document	also	presents	theory	

to	support	chosen	methods	of	data	analysis.	

The	question	remained	whether	CEDs	are	capable	of	reliable	and	valid	DSM	

in	 the	 driving	 context.	 The	 second	 driving	 simulator	 user	 trial	 was	 set	 out	 to	

further	investigate	the	problem.	It	was	specifically	aiming	to	provide	supporting	

evidence	 for	 employing	 CEDs	 in	 physiological	 and	 emotional	 evaluation	 of	

common	driving	activities.	The	“Submission	3”	has	addressed	design	limitations	

of	the	preliminary	study	such	as,	a	modest	sample	size	and	low	data	rate	of	some	

the	physiological	 indicators.	In	addition	to	physiology,	emotional	state	was	also	

detected.	For	greater	data	validity,	the	study	was	conducted	in	a	highly	immersive	

driving	simulator,	rather	than	a	desktop	simulator.	

Along	with	the	second	user	trial,	the	work	on	“Submission	4”	has	begun.	

The	aim	of	“Submission	4”	was	to	identify	preliminary	acceptance	and	usability	

goals,	 as	 per	 user-centered	 design	 principles,	 of	 a	 hybrid	 DSM	 system.	 Such	 a	

system	was	previously	envisioned	 in	 the	model	of	hybrid	DSM	(Submission	1).	

This	vision	was	used	to	formulate	the	DSM	system	context	of	use.	Acceptance	of	

the	outlined	context	of	use	was	investigated	using	Unified	Theory	of	Acceptance	

and	 Use	 of	 Technology	 (UTAUT).	 The	 measurement	 and	 structure	 model	 of	

acceptance	was	appraised	using	Structural	Equation	Modelling.	The	key	findings	

from	this	survey	have	several	implications	for	researchers	and	developers	of	DSM	

systems.	
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	“Submission	 5”	 summarises	 key	 findings	 of	 the	 third	 driving	 simulator	

user	trial	which	was	also	conducted	in	the	highly	immersive	WGM’s	3xD	simulator.	

The	study	was	aiming	to	determine	effect	of	cognitive	and	visual	load	on	drivers’	

state	 and	driving	performance	during	 autonomous	 to	manual	 control	 takeover	

scenarios.	 The	 study	 context	was	 driven	by	 the	 sponsoring	 company’s	 need	 to	

understand	safety	risks	associated	with	transition	of	vehicle	control	in	partially	

automated	driving.	

The	personal	development	profile	and	placement	report	are	also	submitted	

as	 part	 of	 the	 EngD	 portfolio.	 The	 personal	 development	 profile	 lists	 all	 the	

competencies	 which	 were	 gained	 or	 improved	 while	 completing	 this	 EngD	

programme.	Whereas,	the	placement	report	describes	an	impact	which	was	made	

during	a	short	industrial	placement	at	Jaguar	Land	Rover,	North	America.	Finally,	

this	document	concludes	the	EngD	portfolio.	

1.5 Academic	Publications	

Submissions	 1,	 2,	 3,	 and	 4	 were	 reworked	 into	 the	 peer-reviewed	

conference	papers	at	different	stages	of	this	EngD.	The	list	of	citations	is	provided	

below.	 The	 EngD	 candidate	 was	 solely	 responsible	 for	 producing	 the	 content	

including,	problem	identification,	 literature	review,	conception	stage,	as	well	as	

data	 collection	and	analysis.	The	named	authors	provided	support	 through	 the	

review	and	modification	process	only.	

1. Melnicuk,	V.,	Birrell,	S.,	Crundall,	E.	and	Jennings,	P.	(2016)	‘Towards	

hybrid	driver	state	monitoring:	Review,	future	perspectives	and	the	role	

of	consumer	electronics’,	in	2016	IEEE	Intelligent	Vehicles	Symposium	

(IV).	IEEE,	pp.	1392–1397.	doi:	10.1109/IVS.2016.7535572.	

2. Melnicuk,	V.,	Birrell,	S.,	Konstantopoulos,	P.,	Crundall,	E.	and	Jennings,	P.	

(2016)	‘JLR	heart:	Employing	wearable	technology	in	non-intrusive	driver	

state	monitoring.	Preliminary	study’,	IEEE	Intelligent	Vehicles	

Symposium,	Proceedings,	pp.	55–60.	doi:	10.1109/IVS.2016.7535364.	

3. Melnicuk,	V.,	Birrell,	S.,	Crundall,	E.	and	Jennings,	P.	(2017)	‘Employing	

consumer	electronic	devices	in	physiological	and	emotional	evaluation	of	

common	driving	activities’,	in	2017	IEEE	Intelligent	Vehicles	Symposium	

(IV).	Los	Angeles:	IEEE,	pp.	1529–1534.	doi:	10.1109/IVS.2017.7995926.	
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4. Melnicuk,	V.,	Birrell,	S.,	Thompson,	S.,	Mouzakitis,	A.,	and	Jennings,	P.	

(2019).	How	Acceptable	Is	It	to	Monitor	Driver	State?	Using	the	UTAUT	

Model	to	Analyse	Drivers’	Perceptions	Towards	the	System.	In	Advances	

in	Intelligent	Systems	and	Computing	(Vol.	786,	pp.	579–590).	

https://doi.org/10.1007/978-3-319-93885-1_53	

1.6 Innovation	Report	Structure	

This	document	is	organised	as	follows.	The	introductory	chapter	outlines	

motivation	 for	 this	EngD	along	with	project’s	aim	and	objectives.	 In	addition,	a	

summary	of	 the	problem,	 industrial	relevance,	and	the	statement	of	 innovation	

and	 its	 impact	 is	 provided.	 The	 second	 chapter	 presents	 review	 of	 the	 key	

background	 literature	 that	 helped	 to	 identify	 gaps	 and	 formulate	 research	

questions.	It	should	be	noted	that	this	chapter	is	predominantly	compiled	from	the	

outcomes	 of	 “Submission	 1”	 and	 the	 background	 sections	 of	 submissions	 that	

followed.	The	third	chapter	describes	chosen	methodologies.	The	chapters	4,	5,	6,	

and	7	 are	 executive	 summaries	 of	 submissions	 2,	 3,	 4,	 and	5	 respectively.	 The	

chapter	 8	 outlines	 the	 detailed	 design	 reasoning	 and	 development	 process	 of	

WMG	DSM	Toolkit.	 Subsequently,	 discussion	 of	 the	 key	 findings	 is	 provided	 in	

chapter	9.	Specifically,	it	outlines	strengths	and	weaknesses	of	the	research	that	

was	conducted,	defines	innovation	contribution	in	detail,	draws	out	the	impact	for	

the	 sponsoring	 company,	 lists	 potential	 future	 implementations	 and	 broader	

applicability	as	well	as	opportunities	for	future	research.	Finally,	conclusions	are	

provided	in	chapter	10.	
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2 Background	and	Significance	

This	 chapter	 brings	 together	 extracts	 of	 background	 literature	 from	 all	

EngD	 portfolio	 submissions	 along	 with	 additional	 knowledge	 that	 informed	

formation	of	the	research	question.	

2.1 Driver	State	Monitoring	

In	 the	 course	 of	 the	 last	 two	 decades	 the	 human	 factors	 research	

community	 has	 been	 working	 toward	 implementation	 of	 a	 Driver	 State	

Monitoring	 (DSM)	 system.	 In	 early	 90’s,	 the	 concept	 was	 discussed	 in	 the	

publication	 by	 De	 Waard	 &	 Brookhuis	 (1991)	 as	 part	 of	 Dedicated	 Road	

Infrastructure	 for	 Vehicle	 Safety	 in	 Europe	 (DRIVE)	 initiative.	 Authors	 have	

foreseen	 a	 demand	 for	 such	 a	 system	 and	 referred	 to	 it	 as	 a	 Driver	 Status	

Monitoring	device.	The	authors	also	emphasised	that	it	is	important	to	keep	track	

of	 drivers’	 state	 in	 real-time	 in	 order	 to	 allow	 detection	 of	 short-term	 driving	

performance	deviations	from	its	ideal	state.	

Furthermore,	a	significant	amount	of	research	into	DSM	was	conducted	as	

part	of	European	Union	(EU)	funded	projects	e.g.,	DETER	(Brookhuis,	1993),	SAVE	

(Bekiaris,	 1999),	 SENSATION	 (Kecklund	 and	 Akerstedt,	 2004),	 and	 DESERVE	

(Boverie,	 Rodriguez	 and	 Bande,	 2013).	 The	 projects	 have	 presented	 some	

elements	of	DSM	but	did	not	manifest	system	design	recommendations.	

The	 experimental	 and	 commercial	 implementations	 often	 consist	 of	

multiple	 devices	 that	 contribute	 to	 the	 goal	 of	 valid	 and	 reliable	 evaluation	 of	

drivers’	state,	and,	to	some	extent,	are	capable	of	estimating	up	to	four	driver	state	

constructs	 namely,	 cognitive	 distraction,	mental	workload,	mental	 fatigue,	 and	

emotions	(see	Submission	1	for	DSM	construct	definitions).	

These	driver	state	constructs	were	found	to	influence	driving	performance	

both	positively	and	negatively	(Hancock	et	al.,	1999;	Lansdown,	Brook-Carter	and	

Kersloot,	2004;	Healey	and	Picard,	2005;	Horberry	et	al.,	2006;	Grimm	et	al.,	2007;	

Lal	and	Craig,	2007;	Dong	et	al.,	2011;	Rigas	et	al.,	2011;	Begum,	2013).	Some	of	

those	were	found	to	impair	driving.	For	example,	high	level	of	mental	fatigue	was	

found	to	be	responsible	for	up	to	20-30%	of	road	fatalities	(Horne	and	Reyner,	

1999).	High	level	of	mental	workload	might	lead	to	negative	stress	and	may	cause	
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driving	performance	impairment	and	distraction	from	the	primary	task	of	driving	

(Rantanen	 and	 Goldberg,	 1999;	 Lansdown,	 Brook-Carter	 and	 Kersloot,	 2004;	

Rakauskas,	 Gugerty	 and	Ward,	 2004).	 On	 the	 other	 hand,	 low	 level	 of	 mental	

workload	might	lead	to	degraded	vigilance	and	cause	fatigue	(Brookhuis	and	de	

Waard,	 2010).	 Mental	 workload	 was	 also	 proven	 to	 be	 a	 good	 indicator	 in	

estimating	driver’s	mental	capacity	(De	Waard,	1996).	According	to	Ranney	et	al.	

(2000),	distraction	is	a	critical	factor	in	up	to	25%	of	all	observed	road	accidents.	

Furthermore,	 emotions,	 and	 anger	 in	 particular,	was	 found	 to	 degrade	 driving	

performance	(Roidl,	Siebert,	et	al.,	2013).	Happiness,	on	the	other	hand,	could	be	

beneficial	to	driving	(Eyben	et	al.,	2010).	Clearly,	the	evidence	shows	that	while	a	

human	remains	in	full	or	partial	control	of	a	vehicle,	drivers’	state	is	an	important	

aspect	of	driving	and	cannot	be	neglected	due	to	its	critical	influence.		

In	the	recent	years,	few	attempts	were	made	to	evaluate	drivers’	state	in	

the	driving	context	by	means	of	variety	of	objective	and	subjective	methods.	Some	

researchers	expressed	the	importance	of	introducing	different	elements	of	DSM	

to	 complement	 existing	 ADAS	 and	 In-Vehicle	 Information	 Systems	 (IVIS).	

However,	 there	 is	no	direct	agreement	 in	 the	 literature	upon	what	driver	state	

extraction	methods	must	be	primarily	included	in	an	efficient	DSM	system.	Among	

these	 methods,	 the	 subjective	 measures	 are	 fundamentally	 not	 suitable	 for	

commercial	DSM,	because	they	are	generally	measured	before	or	after	a	driving	

activity	by	means	of	self-reporting,	thus,	cannot	provide	driver	state	reference	for	

real-time	systems.	Today,	human	factors	researchers	explore	various	methods	to	

objectively	evaluate	driver	state	constructs	(Kramer	and	Weber,	2000;	Stanton	et	

al.,	2004).	Those	constructs	were	proven	to	correspond	to	certain	physiological	

phenomena,	 such	 as	 heart,	 brain,	 electrodermal,	 and	 eyelid	 activity.	 Some	

physiological	 phenomena	 were	 found	 to	 be	 viable	 measures	 for	 two	 or	 more	

driver	state	constructs.	For	example,	electrical	heart	activity	and	blood	pressure	

can	be	used	to	objectively	measure	levels	of	mental	workload	(De	Waard,	1996;	

Reimer	and	Mehler,	2011),	stress	(Healey	and	Picard,	2005),	and	fatigue	(Rogado	

et	al.,	2009).	Eyelid	activity	tracking	was	used	to	estimate	level	of	mental	fatigue	

(Wierwille	et	al.,	1994)	and	detect	visually	distracted	driving		(Liang,	Reyes	and	

Lee,	2007).	
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The	 driver	 state	 is	 truly	 multidimensional.	 Moreover,	 its	 evaluation	 by	

means	 of	 physiology	 could	 be	 obscured	 due	 to	 intrapersonal	 nature	 of	

physiological	indicators	e.g.,	heart	rate	patterns	may	vary	between	individuals	due	

to	differences	 in	 age	 or	 gender.	 It	 requires	 comprehensive	 sensory	network	 in	

order	 to	 reliably	 detect	 and	 interpret	 multitude	 of	 constantly	 changing	

physiological	phenomena.	Due	to	presence	of	complex	interrelationships	between	

driver	state	constructs	and	their	indicators	it	is	important	to	keep	track	of	as	many	

physiological	phenomena	as	possible	to	promote	valid	and	reliable	interpretation,	

because	 none	 of	 the	 individual	 physiological	 indicators	 can	 guarantee	 full	

correlation	 with	 underlying	 driver	 state	 construct.	 Additionally,	 physiological	

measurements	 are	 prone	 to	 errors	 and	 artefacts	 hence,	 cannot	 guarantee	 full	

reliability.	Therefore,	a	DSM	system	must	account	for	it	by	including	alternative	

methods	of	capturing	those	indicators.	For	example,	heart	rate	sensors	could	be	

embedded	 into	 a	driver’s	 seat	 or	 a	 seatbelt.	Alternatively,	 same	measurements	

could	be	captured	though	a	wearable	device	attached	to	driver’s	body.	However,	

this	will	require	extensive	computing	capabilities	in	order	to	deal	with	data	fusion	

of	alternative	data	sources.	Frost	&	Sullivan	(2015)	declares	three	real-time	data	

sources	that	a	DSM	may	be	linked	to:	

1. Built-in	(embedded)	sensors;	

2. Brought-in	(peripheral	integration)	devices,	such	as	smartphones	and	

wearables;	

3. Cloud-enabled	(broadcast)	information	transmitted	from	external	

databases;	

A	system	which	incorporates	data	from	multiple	sources	can	be	referred	to	

as	 hybrid	 DSM	 system.	 Dong	 et	 al.	 (2011),	 in	 the	 review	 of	 driver	 inattention	

monitoring	systems,	have	indicated	the	need	for	a	hybrid	system	that	is	capable	of	

combining	 driver	 state	 metrics	 with	 driving	 performance	 (e.g.,	 vehicle	 speed,	

acceleration,	and	steering	wheel	angle),	as	well	as	driving	context	(e.g.,	the	road	

type,	weather	 conditions,	 and	 traffic	 density).	 Hybrid	 evaluation	 is	 believed	 to	

provide	more	reliable	and	valid	solution	in	estimating	drivers’	state.	Barua	(2015)	

backs	 the	 suggested	 approach	 in	 her	 thesis.	 The	 author	 accentuates	 that	 the	

approach	 of	 considering	 one	 aspect	 of	 features	 is	 not	 completely	 reliable	 and,	
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therefore,	 the	 recognition	 could	 be	 more	 accurate	 when	 a	 system	 combines	

multiple	sources	of	information	about	the	driver.	

2.1.1 Physiology	and	workload	

De	Waard	(1996)	has	defined	mental	workload	as	“the	specification	of	the	

amount	of	information	processing	capacity	that	is	used	for	task	performance”.	Thus,	

it	is	important	to	estimate	driving	workload	level	in	order	to	enable	evaluation	of	

driver’s	task	capacity	at	any	given	time.	This	is	aligned	with	the	Yerkes-Dodson	

law,	 which	 states	 that	 humans	 perform	 at	 their	 best	 in	 a	 difficult	 task	 at	

intermediate	levels	of	arousal	or	stress	(Wickens	and	Hollands,	2000).	

Since	mental	state	of	a	driver	cannot	be	directly	observed,	the	metrics	of	

mental	workload	must	be	derived	from	driving	performance	metrics	or	by	means	

of	objective	or	subjective	indicators	(Paxion,	Galy	and	Berthelon,	2014).	Son	et	al.	

(2011)	and	Mehler	et	al.	(2012)	have	provided	comprehensive	review	of	mental	

workload	 in	 the	 context	 of	 driving.	 They	 emphasized	 that	 mental	 workload	

correlates	 to	 physiological	 modifications	 i.e.,	 heart	 rate,	 brain	 activity,	 and	

Galvanic	Skin	Response	(GSR),	therefore,	can	be	objectively	measured	by	means	

of	 modern	 sensory	 technology.	 Paxion	 et	 al.	 (2014)	 concluded	 that	 the	 most	

sensitive	measure	to	mental	workload	seems	to	be	the	electrocardiogram	(ECG).	

The	 physiological	 parameters	 were	 found	 to	 correlate	 to	 the	 cognitive	

workload	in	previous	studies	(Kramer,	1990;	De	Waard,	1996;	Paxion,	Galy	and	

Berthelon,	2014).	The	method	can	be	particularly	relevant	to	assess	the	workload	

associated	with	voice-based	in-vehicle	interactions	(e.g.,	cellular	conversations	or	

voice	comands),	where	performance	metrics,	such	as	glancing	patterns,	are	not	

directly	 impacted	 (Reimer	 and	Mehler,	 2011).	 The	 heart	 activity	 records	were	

identified	as	being	sensitive	to	cognitive	workload.	For	instance,	Reimer	&	Mehler	

(2011)	used	mean	Heart	Rate	(HR)	to	consistently	estimate	relative	differences	in	

task	 difficulty	 in	 both	 simulated	 and	 real-world	 driving.	 Similarly,	 Heart	 Rate	

Variability	(HRV),	which	is	defined	as	variability	of	time	durations	between	every	

successful	heartbeat,	was	also	found	to	be	influenced	by	cognitive	workload	(De	

Waard,	1996;	Hoover	et	al.,	2012).		

The	 majority	 of	 previous	 studies	 have	 adopted	 expensive	 and	 highly	

complex	medical	grade	devices	to	evaluate	driver	state	objectively	by	means	of	

physiological	responses.	These	studies	helped	to	establish	state-of-the-art	as	well	
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as	 understand	 the	 links	 between	 psychophysiological	 patterns	 and	 drivers’	

behaviour.	 Additionally,	 subjective	 methods	 were	 used	 to	 validate	 specific	

physiological	 patterns	 for	 example,	 decrease	 of	 heart	 rate	 variability	 due	 to	

increase	 of	 cognitive	 workload	 (Malik	 et	 al.,	 1996).	 However,	 neither	 medical	

equipment,	nor	subjective	assessment	of	drivers’	state	have	a	potential	to	become	

part	of	commercial	DSM	solutions	due	to	substantial	cost	implication	of	medical	

devices	 and	 invasiveness	 of	 some	 self-reporting	methods.	 Therefore,	 the	 cost-

effective	and	user-acceptable	DSM	systems	need	to	be	designed	to	ensure	initial	

uptake	 of	 these	 systems	 by	 potential	 customers.	 A	 solution	 could	 incorporate	

recent	advances	of	sensory	technology	embedded	into	wearable	devices	such	as,	

fitness	wristbands	and	smartwatches.	These	sensors	can	offer	reliable	and	mobile	

physiological	tracking.	Furthermore,	consumer	grade	wearables	can	be	worn	for	

extensive	 periods	 of	 time	 outside	 of	 driving	 activities,	 whereas	 in-vehicle-

embedded	sensors	can	only	evaluate	drivers’	state	during	actual	driving.	

2.1.2 Emotions	and	driving	

Humans	 heavily	 rely	 on	 affect	 or	 emotion	 when	 it	 comes	 to	 social	

interactions.	 Traditionally,	 the	 terms	 “affect”	 and	 “emotion”	 have	 been	 used	

synonymously	 and	 the	 term	 can	 be	 defined	 as	 “a	 complex	 pattern	 of	 changes,	

including	 physiological	 arousal,	 feelings,	 cognitive	 processes,	 and	 behavioural	

reactions,	made	 in	 response	 to	a	 situation	perceived	 to	be	personally	 significant”	

(Gerig	 and	 Zimbardo,	 2001).	 Furthermore,	 these	 patterns	 are	 accompanied	 by	

subjective	feeling	experiences	of	certain	valence	(Strongman,	1987).	Valence	can	

be	defined	as	intrinsic	attractiveness	(positive	valence)	or	averseness	(negative	

valence)	of	an	event,	object,	or	situation	(Frijda,	1986).	Surprisingly,	emotions	of	

both	positive	and	negative	valence	may	lead	to	impaired	irrational	thinking	and	

behaviour	 (Picard,	 Vyzas	 and	 Healey,	 2001),	 which	 subsequently	 may	 cause	

human	errors	on	roads.	For	instance,	feeling	of	anger	was	found	to	degrade	driving	

performance	(Roidl,	Siebert,	et	al.,	2013).	Happiness,	on	the	other	hand,	could	be	

beneficial	 to	driving	 (Eyben	et	al.,	 2010).	Thus,	 it	 is	 important	 to	keep	 track	of	

driver’s	emotions	during	a	critical	task	of	driving.	Furthermore,	vehicle’s	ability	to	

recognize	driver’s	emotional	state	and	respond	to	these	affective	states	of	a	driver	

in	real-time	is	likely	to	be	perceived	as	more	intelligent	and	trustworthy	(Pantic	
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et	al.,	2005).	Emotions	can	be	tracked	though	all	modes	of	human	communication,	

verbal	and	non-verbal	that	is,	tone	of	voice,	facial	expressions,	gestures,	posture,	

skin	 temperature,	 respiration,	 and	 more.	 However,	 a	 combination	 of	 few	

indicators	 is	 likely	 to	 provide	 the	 best	 emotion	 inference	 (Picard,	 1997).	 The	

reliable	ability	 to	detect	driver	emotional	state	 is	not	only	helpful	 in	predicting	

driver	behaviour,	but,	according	to	Grimm	et	al.,	(2007),	is	necessary	for	designing	

smart	and	adaptive	in-vehicle	Human	Machine	Interfaces	(HMI).	Furthermore,	it	

is	 evident	 that	 extreme	 emotions	 can	 impair	 human	 behaviour.	 The	 emerged	

scientific	evidence	from	neuroscience,	cognitive	science,	and	physiology,	indicates	

a	pivotal	role	for	emotion	in	attention,	planning,	reasoning,	learning,	memory,	and	

decision	making	(Picard,	1995).	Picard,	(1995)	argues	that	“demands	of	a	system	

with	 finite	 resources	 operating	 in	 a	 complex	 and	 unpredictable	 environment	

naturally	give	rise	to	the	need	for	emotions,	to	address	multiple	concerns	in	a	flexible,	

intelligent,	 and	 efficient	 way”.	 Despite	 a	 vehicle	 being	 such	 a	 system,	

considerations	of	emotions	for	in-vehicle	interactions	has	been	largely	ignored.	

While	driving,	humans	perform	a	good	deal	of	automated	tasks	including	

surveillance	and	control	of	a	vehicle.	However,	drivers	are	often	required	to	make	

critical	 decisions	 under	 time	 pressure	 in	 order	 to	 ensure	 personal	 safety	 and	

safety	of	other	road	users.	 In	 those	 instances,	emotions	cannot	be	neglected	as	

various	 emotional	 states	 may	 influence	 rationality	 of	 those	 decisions	 (Pham,	

2007).	 For	 example,	 highly	 anxious	 people	 tend	 to	 lower	 ability	 to	 recall	 and	

organize	information	in	memory	(Mueller,	1978),	tend	to	scan	alternative	options	

in	 a	 more	 erratic	 manner,	 and	 select	 an	 option	 without	 considering	 every	

alternative	(Keinan,	1987).	

Similarly,	Grimm	et	al.,	(2007)	identified	three	distinct	groups	of	emotional	

states	of	interest	in	driving	context	that	may	potentially	impair	or	be	beneficial	to	

driving.	The	first	state	is	often	referred	to	as	happiness	or	joy.	It	can	be	defined	by	

slightly	elevated	positive	valence	and	a	moderate	 level	of	arousal.	 In	general,	a	

state	 of	 mild	 joy	 may	 promote	 beneficial	 effects	 on	 attentiveness,	 focus,	 and	

decision	making	(Isen,	2001),	whereas,	a	state	of	high	arousal	complimented	by	

extremely	 positive	 valence	 (extreme	 joy)	 can	 potentially	 lead	 to	 distraction.		
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Driver	distraction	has	been	identified	as	a	high-priority	topic	by	NHTSA	due	to	its	

high	impact	on	road	safety	(Ranney,	Garrott	and	Goodman,	2000).	

Authors	 continue	 by	 defining	 the	 second	 emotional	 state	 of	 interest,	

usually	 classified	 as	 anger	 (Grimm	 et	 al.,	 2007).	 This	 state	 can	 be	 defined	 by	

extreme	level	of	negative	valence	and	high	arousal.	Ultimately,	anger	may	lead	to	

aggression	and	 rage	on	 the	 roads.	These	aggressive	driving	behaviours	vary	 in	

range	 and	 intensity	 from	mild	 infractions	of	 the	 law	and	discourtesies	 to	 clear	

antisocial	 behaviours	 and	 deliberate	 attempts	 to	 harm	 others	 (Shinar,	 1998;	

Galovski	and	Blanchard,	2004).	Moreover,	it	was	found	that	emotional	states	with	

high	arousal,	such	as	anger,	increase	risk-seeking	in	humans	whereas,	high	arousal	

state	of	fear	tends	to	trigger	risk-aversion	(Mano,	1994;	Lerner	and	Keltner,	2001).	

The	 third	 state	 can	 be	 attributed	 to	 either	 sadness	 or	 drowsiness.	 It	 is	

characterized	by	very	low	arousal	and	sometimes	slightly	negative	valence.	The	

drowsiness	may	ultimately	lead	to	fatigue,	which	is	among	the	accident	causing	

factors	on	roads	(Connor,	2002).	On	the	other	hand,	it	was	found	that	sad	moods	

may	 promote	 increased	 vigilance	 as	 situations	 are	 generally	 perceived	

problematic	in	this	state	(Schwarz,	2002).	

2.1.3 Driving	Performance	

As	 discussed	 previously,	 impaired	 driver	 state	 constructs	may	 induce	 a	

change	 in	 driving	 performance.	 Therefore,	 it	 is	 important	 to	 keep	 track	 of	

performance	metrics	 in	 the	 synchronisation	with	 driver	 state	 to	 allow	 refined	

understanding	of	driver	behaviour.	Furthermore,	every	driver	produces	certain	

patterns	 while	 performing	 vehicle	 control.	 This	 entails	 the	 necessity	 to	

personalise	the	ADAS	and	IVIS	intervention	and	adapt	it	to	user-specific	driving	

style	or	behaviour.	

The	 technical	 paper	 by	 SAE	 International	 (2013a)	 outlines	 operational	

definitions	of	driving	performance	measures	and	statistics	as	well	as	their	relation	

to	some	of	the	driver	state	constructs.	Furthermore,	 the	driver	state	constructs	

were	 specifically	 found	 to	 correlate	 with	 the	 following	 driving	 performance	

indicators:	speed		and	acceleration	(Ersal	et	al.,	2010),	steering	wheel	angle	(Dong	

et	 al.,	 2011),	 steering	motion	 e.g.,	 steering	 entropy	 (Kersloot,	 Flint	 and	Parkes,	

2003;	Takei	and	Furukawa,	2005),	and	position	of	pedals	(Ersal	et	al.,	2010).	



Innovation	Report	

	

	

Page	16	

2.1.4 Driving	Context	

The	contextual	information	e.g.,	road	layout,	traffic	density,	weather,	time	

and	location,	can	be	used	to	estimate	driver	state	constructs	with	higher	accuracy.	

For	 example,	 visibility,	 weather	 and	 traffic	 conditions	 were	 used	 to	 increase	

accuracy	of	fatigue	and	stress	detection	by	8%	in	the	study	conducted	by	Rigas	et	

al.	 (2011).	The	contextualisation	of	driver	state	may	also	aid	 the	recognition	of	

specific	driver	state	responses	in	some	particular	situations.	This	could	be	used	to	

predict	 driver	 state	 under	 the	 similar	 environmental	 circumstances.	 The	

contextual	 data	 can	 be	 easily	 extracted	 in	 an	 internet-enabled	 vehicle.	 Such	 a	

vehicle	could	access	all	the	relevant	contextual	information	and	store	it	internally	

for	 further	 analysis	 and	 synchronisation	with	 other	metrics.	 If	 a	 vehicle	 is	 not	

connected	 to	 the	 internet,	 the	 contextual	 data	 may	 be	 gathered	 through	 an	

internet-enabled	CED	e.g.,	smartphone.	

2.1.5 Use	of	Consumer	Electronic	Devices	in	Driver	State	Monitoring	

The	 consumer-grade	 sensory	 technology,	 harware,	 and	 software	 have	

significantly	 advanced	 since	 the	 early	 90’s.	 In	 modern	 days	 the	 non-intrusive	

physiological	 tracking	 became	 available	 through	 wearable	 CEDs	 (e.g.,	

smartwatches	 and	 chest	 straps).	 Some	 of	 these	 devices	 are	 embedded	 with	

multiple	sensors	capable	of	measuring	HR,	HRV,	Galvanic	Skin	Response	(GSR),	

and	Peripheral	Body	Temperature	(PST)	 in	real-time.	These	devices	are	mostly	

used	 to	 track	 physiology	 in	 health	 and	 fitness	 context	 and	 there	 is	 not	 much	

reported	 use	 in	 the	 driving	 context.	 The	 metrics	 of	 numerous	 physiological	

parameters	 captured	by	 such	devices	 could	be	 further	 fused	with	performance	

and	 situational	 measurements	 to	 provide	 more	 reliable	 and	 valid	

multidimensional	driver	state	evaluation	in	real-time.	

Several	studied	have	contributed	to	the	development	of	DSM	by	means	of	

CEDs.	Those	concepts	are	reviewed	in	detail	in	Submission	1	and	the	summary	of	

this	review	is	provided	in	the	table	below	(see	Table	1).	
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Table	1.	Consumer-grade	electronic	devices	as	part	of	driver	state	monitoring.	

Author	 Extraction	 Apparatus	 Sensor	type	 Link	with	ADAS	
or	IVIS	

Johnson	&	
Trivedi	(2011)	

Aggressive	
driving	 Smartphone	

accelerometer,	
gyroscope,	
magnetometer,	
and	GPS	

None	

Lee	&	Chung	
(2012)	 Vigilance	 Smartphone	

PERCLOS,	heart	
rate,	in-vehicle	
temperature,	
vehicle	speed	

Smartphone	
warning	

Katsis	et	al.	
(2011)	 Emotions	 Wearable	

devices	

Multiple	sensors	
measuring	
electromyography	
(EMG),	
respiration,	ECG,	
and	EDA	

None,	just	data	
capturing	

Healey	&	
Picard	(2005)	 Stress	 Wearable	device	 ECG	and	EDA	 None,	just	data	

capturing	
Lin	et	al.	
(2011)	

Abnormal	heart	
rate	 Wearable	device	 PPG	 Smartphone	

warning	

Rigas	et	al.	
(2011)	

Stress,	fatigue,	
driving	
performance	

Wearable	
devices	

ECG,	EDA,	
respiration,	and	
video	tracking	

None	

	

2.1.6 Industrial	Perspective	

Several	 car	manufacturers	 have	 also	 contributed	 to	 the	 development	 of	

DSM.	Those	concepts	are	reviewed	in	detail	in	Submission	1	and	the	summary	of	

this	review	is	provided	in	the	table	below	(see	Table	2).	

	

Table	2.	DSM	trends	in	automotive	industry.	

Automaker	 Extraction	 Sensor	type	 Performance	
metrics	

Link	with	
ADAS	or	IVIS	

Toyota	
(Toyota	Motor	
Corporation,	
2006)	

Visual	distraction	 In-car	driver-
facing	camera	 None	 IVIS	

Saab	
(Nabo,	2009)	

Visual	
distraction,	
fatigue	

In-car	driver-
facing	camera	 None	 IVIS	

Ford	
(Ford	Motor	
Company,	2012)	

Stress	

In-car	heart	rate,	
temperature,	
respiration,	and	
perspiration	
monitors	

Acceleration	
patterns,	
steering,	and	
braking	

IVIS	

Volvo	
(Gill,	2008)	

Visual	
distraction,	
fatigue	

In-car	driver-
facing	camera	 None	 IVIS	

Mitsubishi	 Cognitive	
distraction	

Heart	rate	
monitor	

Steering	wheel	
angle	 IVIS	
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(Mitsubishi	
Electric	
Corporation,	
2015)	
BMW	
(Hoch	et	al.,	
2007)	

Visual	distraction	 Hear	and	eye	
tracking	

Acceleration	
and	speed	 ADAS	

Jaguar	Land	
Rover	
(Jaguar	Land	
Rover,	2015)	

Concentration	
level	i.e.,	fatigue,	
and	stress	

In-car	brain,	
heart	rate,	
respiration	
monitoring	

None	 IVIS	and	ADAS	

Nissan	
(Fincher,	2013)	 Stress	 Wrist-worn	

device	
Speed	and	fuel	
efficiency	 IVIS	

Mercedes	Benz	
(Daimler	AG,	
2017)	

Stress	and	
comfort	

In-car	heart	
monitoring	and	
wearable	sensors	

Unknown	 IVIS	and	ADAS	

	

2.2 Hybrid	Driver	State	Monitoring	Model	

In	this	section,	a	model	of	hybrid	DSM	system	is	introduced	(see	Figure	3).	

The	model	accounts	 for	major	DSM	trends	and	promotes	a	realistic	design	that	

could	 be	 implemented	 using	 technology	 that	 is	 currently	 available.	 The	model	

relies	 on	 a	 dynamic	 relationship	 between	 system	 constructs	 i.e.,	 driver’s	 state,	

driving	performance	and	 context,	which	addresses	 the	need	of	hybrid	DSM	 for	

more	 sophisticated	 interpretation	 of	 driver’s	 state.	 The	 DSM	 could	 be	 further	

improved	by	dividing	driver	state	into	two	categories,	that	is	long-term	and	short-

term	 (Ahlström	 et	 al.,	 2012).	 The	 long-term	 state	 is	 usually	 influenced	 by	

longstanding	 fatigue	 or	 mental	 workload,	 whereas	 short-term	 state	 is	 usually	

influenced	by	 temporary	 impairments	 i.e.,	 interim	cognitive	distraction,	mental	

workload,	and	elicitation	of	various	emotions.	For	example,	work-related	stress	

may	affect	driving	performance	 in	 the	 long	period	of	 time,	whereas	short-term	

stress	may	be	caused	by	some	unexpected	road	event	and	then	promptly	dissipate.	

Both	cases	may	be	equitably	important	and	must	be	accounted	for.	

The	model	also	identified	potential	data	sources	i.e.,	actual	vehicle	(built-

in	sensors)	and	CEDs	(brought-in	devices)	with	emphasis	on	reliable	connection	

between	CEDs	 and	 a	 vehicle.	 Based	 on	 previous	 discussion,	 the	 system	 should	

incorporate	technology	within	a	vehicle	and	multiple	CEDs	for	enhanced	validity	

and	reliability	of	recorded	data.	Additionally,	the	model	draws	upon	requirement	
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of	data	fusion	in	order	to	generate	unified	indicator(-s)	of	driver’s	state	that	can	

be	used	to	modify	in-vehicle	 information	and	safety	systems.	Such	modification	

could	help	to	bring	driver’s	state	and	driving	performance	back	into	an	optimal	

condition	in	a	particular	situation.	The	system	could	also	track	the	direct	influence	

of	a	driving	situation	on	driver’s	state	and,	hence,	try	to	estimate	the	severity	of	

any	particular	event.	Driver	state	could	also	serve	as	an	indicator	for	some	specific	

driving	 context	 e.g.,	 individual	 physiological	 patterns	 could	 be	 detected	 during	

night	time	driving	or	during	high	traffic	density	situations.	

	

	

Figure	3.	Hybrid	driver	state	monitoring	system	diagram.	

	

2.3 Driver	State	Monitoring	in	the	Context	of	Vehicle	Autonomy	

Rapid	ADAS	development	will	eventually	result	in	implementation	of	full	

vehicle	 autonomy	 (Bengler	 et	 al.,	 2014).	 It	 was	 previously	 forecasted	 that	

conditionally	 automated	 and	 a	 small	 portion	 of	 fully	 autonomous	 passenger	
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vehicles	will	become	part	of	transportation	networks	in	various	counties	by	2035	

(Worstall,	2015).	Moreover,	Burghardt	et	al.	(2017),	in	their	optimistic	scenario,	

have	forecasted	that	by	2030	approximately	35%	of	newly	sold	vehicles	will	be	

capable	 of	 conditional	 automation	 (i.e.,	 Level	 3	 in	 SAE	 taxonomy)	 and	 15%	 of	

vehicles	will	be	embedded	with	high	automation	enabling	technology	(i.e.,	Level	4	

in	 SAE	 taxonomy)	 (SAE	 International,	 2015).	 It	 should	 be	 noted	 that	 vehicles,	

capable	 of	 SAE	 Level	 4	 automation,	 do	 not	 exist	 outside	 of	 advanced	 research	

concepts	yet	(Campbell	et	al.,	2018).	

Nevertheless,	 the	 full	 driving	 automation	 has	 the	 potential	 to	 entirely	

eliminate	the	effect	of	human	error	in	the	context	of	driving,	thus,	oust	the	need	of	

DSM	 system	 as	 a	 tool	 to	 counteract	 unfavourable	 driver	 behaviour.	 This	 is	

certainly	 a	 valid	 statement,	 but	 there	will	 be	manual	 driven	 vehicles	 for	many	

years,	mostly,	 fitted	with	 semi-autonomous	 features	 that	 require	 sophisticated	

techniques	for	short-notice	manual	control	take	over	with	a	predetermined	length	

of	 time	 (Rahman,	 Begum	 and	 Ahmed,	 2015).	 Since	 conditionally	 automated	

vehicles	do	not	 require	drivers	 to	monitor	 the	 situation	during	 the	 self-driving	

mode,	a	driver	might	be	engaged	in	variety	of	secondary	tasks	prior	to	taking	over	

manual	control	e.g.,	working,	watching	a	movie,	reading,	or	any	other	cognitively	

demanding	 task.	 According	 to	 NHTSA,	 this	 could	 lead	 to	 the	 out-of-the-loop	

problem	 i.e.,	 them	 being	 so	 immersed	 in	 a	 secondary	 task	 that	 information	

regarding	automated	to	manual	control	take	over	task	is	completely	ignored	or	

perceived	at	a	substantial	time	delay	(Campbell	et	al.,	2018).	Alternatively,	in	the	

cases	 when	 a	 secondary	 task	 is	 not	 present,	 drivers	 might	 become	 subject	 to	

passive	fatigue	or	sleepiness	due	to	monotonous	nature	of	automated	driving	over	

extended	 period	 of	 time	 (Saxby	 et	 al.,	 2013).	 Hence,	 both,	 overloading	 and	

underloading,	 could	 cause	 impairments	 in	 driving	 performance	 and	 promote	

performance-related	 human	 errors	 and	 ultimately	 lead	 to	 a	 traffic-related	 car	

accident.	It	is,	therefore,	important	to	detect	whether	drivers	are	fit	to	perform	a	

take-over	task	and	DSM-equipped	vehicles	could	enable	such	an	assessment.	
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2.4 Acceptance	of	Driver	State	Monitoring	Technology	and	its	

Usability	

Despite	 the	 willingness	 of	 the	 research	 community	 and	 automakers	 to	

equip	vehicles	with	DSM	technology,	the	acceptance	of	such	systems	could	be	poor	

due	to	inadequate	design	implementations.	The	design	requirements	need	to	be	

formulated	in	the	early	stage	of	DSM	development,	where	preliminary	acceptance	

could	 be	 also	 investigated.	 Najm	 et	 al.,	 (2006)	 have	 defined	 acceptance	 while	

studying	 it	 in	 the	 context	 of	 Automotive	 Collision	 Avoidance	 Systems.	 Their	

definition	states	that	acceptance	is	“a	precondition	that	will	permit	new	automotive	

technologies	to	achieve	their	 forecasted	benefit;	 the	measurement	also	provides	a	

means	to	estimate	drivers’	interest	in	purchasing	and	using	new	technologies	as	a	

basis	for	estimating	the	safety	benefit	associated	with	its	use”	(Najm	et	al.,	2006).	

Regan	et	al.,	(2002)	state	that	acceptance,	as	it	relates	to	driver	assistance	systems,	

is	 “a	 function	 of	 usefulness,	 ease	 of	 use,	 effectiveness,	 affordability,	 and	 social	

acceptability.”	 Similarly,	 Van	 Der	 Laan,	 Heino	 and	 De	 Waard	 (1997)	 refer	 to	

acceptance	as	“a	link	to	usage,	thereby	materializing	the	potential	effects	of	safety	

systems.”	

Furthermore,	it	is	possible	to	study	prior	and	posteriori	acceptance.	A	prior	

acceptance	 (i.e.,	 before	 a	 system	 is	 available	 for	 user	 evaluation)	 investigation	

might	help	to	establish	consumer	expectations	that	is,	conditional	and	contextual	

acceptance	 criteria.	 Whereas,	 series	 of	 posteriori	 investigations	 (i.e.,	 after	 a	

system	prototype	was	built)	might	help	to	establish	attitudinal	and	behavioural	

acceptance	criteria	(Adell,	Nilsson	and	Varhelyi,	2014).	It	is	important	to	conduct	

these	investigations	in	the	context	of	DSM,	because	such	criteria	are	not	defined	

in	 the	 literature.	 This	 study,	 however,	 solely	 focuses	 on	 identifying	 prior	

acceptance	of	a	DSM	system.	

Many	factors	might	influence	acceptance	of	DSM	e.g.,	demographic,	social,	

legal,	and	cultural	variables	(Adell,	Nilsson	and	Varhelyi,	2014).	For	instance,	the	

customer	cultural	differences	were	found	in	the	perception	of	ADAS	(Kaul	et	al.,	

2010).	The	U.S.	consumers	believe	they	are	good	drivers,	do	not	require	additional	

active	 safety	 features	 in	 their	 vehicles	 and	 are	 less	 willing	 to	 pay	 for	 safety	

systems.	 European	 consumers,	 on	 the	other	hand,	 seem	 to	be	more	 concerned	
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about	vehicle	active	safety	and	are	more	aware	of	commercially	available	ADAS.	

Also,	 the	clear	use	cases	of	DSM	need	 to	be	 formulated	 to	avoid	potential	 legal	

concerns.	 For	 instance,	 one	 of	 the	 aims	 of	 DETER	 project	 was	 to	 investigate	

feasibility	 of	 using	 driving	 performance	 and	 driver	 behaviour	 in	 automatic	

enforcement	of	 illegal	driving	activities,	 such	as	 speeding	and	use	of	 restricted	

lanes	(Brookhuis,	1993).	The	authors	have	identified	that	voluntary	acceptance	of	

such	a	system	is	questionable,	unless	it	gets	enforced	through	legislation.	Indeed,	

it	is	unlikely	that	drivers	will	appreciate	such	a	system.	

Regarding	 the	 DSM	 concept,	 the	 context	 of	 introducing	 it	 into	 the	

automotive	 market	 needs	 to	 be	 correctly	 formalised	 to	 avoid	 unfavourable	

perception.	The	emphasis	needs	to	be	made	on	the	benefits	a	driver	can	expect	to	

gain	 including,	 enhanced	 road	 safety,	 potential	 improvement	 of	 driving	

performance,	 and	 support	 of	 non-intrusive	 Human-Machine	 Interfaces	 (HMI).	

However,	 it	 is	not	clear	whether	these	benefits	alone	are	able	to	facilitate	prior	

acceptance	 of	 a	 DSM	 system.	 Such	 a	 system	 can	 be	 studied	 in	 terms	 of	 its	

acceptance	 preconditions	 that	 will	 permit	 achievement	 of	 forecasted	 benefits.	

Thus,	to	demonstrate	willingness	within	a	user	group	to	employ	DSM	technology	

for	 the	 task	 it	 is	 designed	 to	 support,	 the	 acceptance	 of	 the	 system	 can	 be	

investigated	using	Unified	Theory	of	Acceptance	and	Use	of	Technology	(UTAUT).	

The	UTAUT	integrates	eight	of	the	most	used	models	of	individual	acceptance	in	

the	area	of	Information	Technology	(IT)	(Venkatesh	et	al.,	2003).	It	was	previously	

used	to	study	acceptance	of	in-vehicle	systems	(Adell,	Varhelyi	and	Nilsson,	2014;	

Madigan	 et	 al.,	 2016).	 The	 original	 model	 consists	 of	 four	 exogenous	 (i.e.,	

performance	 expectancy,	 effort	 expectancy,	 social	 influence,	 and	 facilitating	

conditions)	 and	 two	 endogenous	 factors	 (i.e.,	 behavioural	 intention	 and	

behaviour)	as	well	as	some	moderating	variables,	such	as	age	and	gender.		

Furthermore,	since	DSM	is	a	relatively	new	technology	in	the	automotive	

domain,	its	usability	goals	were	not	defined	in	the	literature.	Those	goals	must	be	

defined	in	the	early	stage	of	a	system	design	to	promote	success	of	future	usability	

evaluations	in	accordance	with	user-centered	design	principles	(BSI,	2010).	
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2.5 Evolvement	of	 the	Hybrid	Driver	State	Monitoring	Model:	

Identifying	Barriers	of	Technology	Introduction	

Considering	an	importance	of	acceptance	and	usability	for	DSM	technology	

introduction,	 the	 originally	 proposed	 model	 in	 Submission	 1	 was	 evolved	 to	

include	 the	barriers	of	acceptance	and	usability	 (see	Figure	4).	For	 instance,	 a	

driver	 might	 be	 reluctant	 to	 adopt	 CEDs	 for	 the	 purpose	 of	 DSM	 due	 to	 data	

security	concerns	or	other	apprehensions.	The	second	acceptance	barrier	related	

to	the	overall	acceptance	of	DSM	technology.	This	barrier	could	arise	if	the	value	

of	such	a	system	is	not	well	communicated	to	a	potential	user.	Finally,	the	human	

factors	 engineers	 must	 ensure	 that	 the	 system	 is	 well	 designed	 in	 order	 to	

overcome	usability	barrier	between	DSM	system	and	other	in-vehicle	information	

and	safety	systems.		
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Figure	4.	Hybrid	driver	state	monitoring	system	diagram	
and	its	barriers	of	introduction.	

	

2.6 Research	Question	

Considering	 the	 presented	 background	 and	 its	 significance,	 the	 primary	

research	question	was	formulated:	

How	consumer	electronic	devices	can	be	used	for	the	purpose	of	future	driver	

monitoring	 in	 its	 current	 technological	 state,	 and	 what	 are	 the	 benefits	 of	 this	

approach?	 	
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3 Methodology	

Each	EngD	portfolio	submission	elaborated	on	the	specific	set	of	methods	

used	in	the	experimentation.	However,	this	chapter	summarised	the	key	universal	

methodologies	that	were	adopted	to	study	outlined	research	questions.	

3.1 Driving	Simulator	Experiments	

Each	driving	simulator	user	trial	has	adopted	repeated	measure	design	and	

was	performed	in	WMG’s	3xD	Simulator	for	Intelligent	Vehicles	(see	Figure	5)	or	

Desktop	Driving	Simulator	(see	Figure	6)	at	University	of	Warwick.		

Both	 driving	 simulators	 removed	 much	 of	 the	 risk	 associated	 with	 the	

testing	of	new	technology	in	the	driving	context	e.g.,	a	risk	of	crash	due	to	induced	

workload	or	distraction.	 It	 also	allowed	 to	 replicate	 complex	driving	scenarios,	

fixed	environmental	conditions,	and	several	dangerous	events,	all	in	a	safe,	well	

controlled,	 and	 repeatable	 setting	 (WMG,	 2017).	 The	 real-world	 driving	

experiments	 were	 not	 suitable,	 because	 the	 studies	 were	 aiming	 to	 capture	

hypothesised	 human	 physiological	 and	 emotional	 responses	 to	 a	 highly	

dangerous,	 distressful,	 and	 attention-demanding	 situations.	 Moreover,	 a	 fully	

controlled	and	repeatable	driving	scenarios	could	not	be	implemented	on	the	real	

roads	 due	 to	 the	 risk	 of	 uncontrolled	 events	 appearing	 during	 the	 trials.	 This	

subsequently	could	influence	drivers’	state.	

	

	

Figure	5.	3xD	Simulator	for	Intelligent	Vehicles	at	WMG,	University	of	Warwick.	
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The	3xD	Simulator	for	Intelligent	Vehicles	(see	Figure	5)	consists	of	a	full-

size	vehicle	and	360	degrees’	cylindrical	screen	with	high	definition	projection.	

The	 vehicle	 emulates	 road	 motion	 through	 its	 embedded	 hydraulics	 and	

preprogramed	dynamic	model	of	Range	Rover	Evoque	with	an	automatic	gear	box.	

The	simulator	software	was	developed	by	XPI	Simulation	Ltd.	

The	Desktop	Driving	 Simulator	 (see	Figure	 6)	 consists	 of	 Logitech	 G27	

steering	 wheel,	 pedal	 set,	 gear	 lever,	 and	 three	 22-inch	 monitors,	 as	 well	 as,	

simulator	software	which	was	also	developed	by	XPI	Simulation	Ltd.	

	

	
Figure	6.	Desktop	Driving	Simulator	at	WMG,	University	of	Warwick.	

	

Both	simulators	allowed	for	driving	performance	measures	to	be	extracted	

during	 the	 driving	 simulator	 experiments.	 The	 summary	 of	 the	measures	 that	

were	considered	in	this	EngD	is	provided	in	the	table	below	(see	Table	3).	

	

Table	3.	Summary	of	measures	concerning	driving	performance.	

Measure	 3xD	Simulator	HIL,	Frequency	

Position	x,	y,	z	(m)	 100	Hz	
Velocity	x,	y,	z	(ms)	 100	Hz	
Angular	velocity	x,	y,	z	(radians	per	second)	 100	Hz	
Speed	(mph)	 100	Hz	
Revolutions	per	minute	(RPM)	 100	Hz	
Steering	angle	(degrees)	 100	Hz	
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3.1.1 Participants	Recruitment	

Each	driving	simulator	user	trial	was	aiming	to	recruit	a	fixed	number	of	

participants	that	meet	the	following	criteria:	be	aged	21	or	over,	hold	full	category	

“B”	driving	licence,	have	normal	or	correct-to-normal	vision,	and	do	not	have	any	

cardiovascular	 or	 skin	 diseases	 in	 order	 to	 participate.	 All	 participants	 were	

recruited	through	direct	email	at	WMG,	University	of	Warwick	and	Jaguar	Land	

Rover	UK.	An	email	was	sent	out	only	once	and	consisted	of	participation	criteria	

listed	above,	brief	description	of	the	study,	brief	methodology,	possible	risks	and	

contact	 details	 for	 further	 enquiries.	 A	 direct	 recruitment	 via	 convenience	

sampling	 was	 also	 used.	 The	 members	 of	 Experiential	 Engineering	 as	 well	 as	

Energy	 and	 Electrical	 Systems	 research	 groups	 were	 directly	 approached	 and	

offered	to	participate	 in	a	study.	 In	addition,	acquaintances	of	study	facilitators	

were	also	encouraged	to	participate.	Furthermore,	the	study	advertisements	were	

put	 on	 information	 boards	 at	 WMG,	 University	 of	 Warwick.	 Participants	 who	

responded	 were	 issued	 with	 a	 Participant	 Information	 Leaflet	 (PIL),	 further	

describing	details	of	each	driving	simulator	user	trial.	

3.1.2 Ethics	and	Data	Handling	

Each	 driving	 simulator	 user	 trial	 had	 to	 be	 ethically	 approved	 by	

Biomedical	 &	 Scientific	 Research	 Ethics	 Committee	 (BSREC)	 at	 University	 of	

Warwick,	 because	 all	 studies	 involved	 human	 subjects.	 The	 letter	 of	 ethical	

approval	was	acquired	for	each	user	trial	and	is	included	in	the	appendices	of	the	

corresponding	submission.	To	confirm	participants’	willingness	to	take	part	in	the	

experiments,	 they	were	asked	 to	complete	and	sign	an	 informed	consent	 form.	

Furthermore,	 the	 demographics	 of	 study	 participants	were	 captured	 including	

questions	 concerning	 gender,	 age,	 and	 occupation.	 For	 the	 purpose	 of	 data	

anonymity,	age	was	grouped	into	5-year	length	sections	and	a	participant	number	

was	used	on	all	forms	instead	of	full	name.		

At	 the	 end	 of	 each	 user	 trial,	 all	 the	 captured	 data	 was	 exported	 to	 a	

password	 secured	 computed	 located	 at	 International	 Digital	 Laboratory	 (IDL).	

Only	 researchers	 facilitating	 and	 running	 each	 study	 had	 a	 full	 data	 access.	 It	

should	be	noted	that	the	data	will	be	retained	for	five	years	in	electronic	format	at	

WMG’s	hosted	server	following	the	dates	of	study	completion.	Moreover,	all	the	
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data	 in	 paper	 format	was	 destroyed	 using	 shredder	 in	 one	month’s	 time	 after	

study	end	date.	

3.1.3 Apparatus	

To	 facilitate	 collection	 of	 physiological	 responses	 during	 the	 driving	

simulator	 experiments,	 various	 consumer-grade	 electronic	 devices	 were	 used	

(see	 Figure	 7).	 The	 reasoning	 of	 adopting	 those	 particular	 devices	 in	

experimentation	is	provided	in	individual	submissions	(see	Submission	2,	3,	and	

5).	A	technical	comparison	was	conducted	in	order	to	choose	CEDs	that	have	met	

the	pre-set	requirements.	A	CED	was	required	to	include	variety	of	physiological	

tracking	capabilities	and	offer	wireless	data	transmission	to	allow	non-intrusive	

data	collection.	

Both	Polar	H7	and	H10	heart	monitors	allowed	to	capture	electrical	heart	

activity	in	the	form	of	inter-beat	intervals	(often	referred	to	as	“RR”	intervals).	The	

devices	also	conform	to	European	Council	Directive	93/42/EEC	of	14	June	1993	

concerning	medical	devices	(Polar	Electro,	2015a).	

	

	

	

	
	

	

 

Figure	7.	Consumer	electronic	devices	used	throughout	this	EngD	to	capture	participants’	
physiological	responses.	BASIS	Peak	Smartwatch	(left)	(BASIS	Inc,	2015),	Emparica	E4	(middle)	
(Empatica	Inc.,	2015)	as	well	as	Polar	H7	and	newer	H10	models	(right)	(Polar	Electro,	2015b,	

2018).	

	

In	addition	to	the	wearable	devices,	a	smartphone,	equipped	with	a	front-

facing	camera,	was	used	to	capture	drivers’	facial	expressions	for	emotional	state	

estimation	 using	 Affectiva’s	 Affdex	 Software	 Development	 Kit	 (SDK)	 (Affectiva	

Inc.,	 2015).	 Affectiva	 Affdex	 is	 a	 consumer-grade	 real-time	 facial	 expression	
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recognition	 toolkit	 that	 allows	 extraction	 of	 subjects’	 emotions	 by	 means	 of	

computer	vision	in	accordance	to	Facial	Action	Coding	System	(FACS)	(Ekman	and	

Rosenberg,	2005;	McDuff	et	al.,	2016).	

The	phone	was	mounted	 to	 the	windscreen	 inside	 the	driving	simulator	

vehicle	to	face	a	participant.	The	phone	also	acted	as	a	hub	for	all	incoming	data	

from	the	wearable	devices	as	well	as	data	concerning	emotional	state,	which	was	

generated	 on-board.	 A	 custom-built	 Android	 application	 was	 used	 to	 collect,	

synchronise,	and	store	physiological	and	emotional	state	measures	from	multiple	

data	sources.	The	summary	of	signals	and	their	underlying	frequencies	is	provided	

in	Table	4.	

	

Table	4.	Summary	of	measures	concerning	physiological	and	emotional	state	estimation.	

Measure	 Empatica	E4	 Polar	H7	and	
H10	

Affectiva	
Affdex	

Blood	Volume	Pulse	(BVP)	 64	Hz	 -	 -	
Heart	Beats	Per	Minute	(BPM)	 4	Hz	 1	Hz	 -	
Interbeat	Intervals	(RR)		 4	Hz	 1	Hz	 -	
Galvanic	Skin	Response	(GSR)		 4	Hz	 -	 -	
Peripheral	Skin	Temperature	(PST)		 4	Hz	 -	 -	
Facial	Expressions	 -	 -	 6-15	Hz	
Emotions	 -	 -	 6-15	Hz	

	

3.2 Data	Analysis	Techniques	

3.2.1 Heart	Rate	and	Heart	Rate	Variability	

The	mean	Heart	Rate	 (HR)	was	 found	 to	 successfully	 indicate	 increased	

levels	 of	 workload	 (Mulder,	 1992;	 De	Waard,	 1996;	 Brookhuis	 and	 de	Waard,	

2010;	Mehler,	Reimer	and	Wang,	2011).	The	HR	is	usually	presented	in	a	form	of	

mean	number	of	Beats	Per	Minute	(BPM).	The	HR	can	be	measured	by	means	of	

Electrocardiography	(ECG)	or	Photoplethysmography	(PPG).	The	ECG	measures	

electrical	 heart	 activity	 and	detects	 each	QRS	 complex	 (see	Figure	8),	 forming	

Inter-Beat	 Intervals	 (IBIs),	 also	 referred	 to	 as	 Normal-to-Normal	 (NN	 or	 RR)	

intervals	 (Malik	 et	 al.,	 1996).	 The	 PPG	method	 derives	 HR	 by	 detecting	 Blood	

Volume	Pulses	(BVP)	through	light	emitting	sensor	(Allen,	2007).		
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Figure	8.	QRS	Complex,	resulting	from	sinus	node	depolarizations.	An	RR	interval	refers	to	time	
duration	between	R	points	from	two	consecutive	QRS	complexes.		

	

The	Heart	Rate	Variability	(HRV)	describes	variations	between	consecutive	

heartbeats	(Tarvainen	and	Niskanen,	2012).	 It	was	found	to	correlate	with	age,	

mental	 and	physical	 stress	 and	workload,	 as	well	 as	 attention	 (Berntson	et	 al.,	

1997).	 According	 to	 Lee	 &	 Park	 (1990),	 increase	 in	 cognitive	 workload	 can	

sometimes	 have	 no	 effect	 on	 HR	whereas,	 decrease	 in	 HRV	 is	 consistent	 with	

increase	in	cognitive	workload.	

The	time-domain	measures,	such	as	RMSSD	and	p50NN	(see	Table	5),	can	

be	used	 to	 investigate	 fluctuations	 of	HRV.	 The	RMSSD	method	 is	 preferred	 to	

pNN50	because	it	has	better	statistical	properties	(Malik	et	al.,	1996).	Equations	

to	 calculate	 RMSSD	 (1)	 and	 p50NN	 (2)	 are	 provided	 below	 (Tarvainen	 and	

Niskanen,	2012).	

	

	

𝑅𝑀𝑆𝑆𝐷 = 	'
∑ (𝑁𝑁+ − 𝑁𝑁+-.)012.
+3.

𝑛 − 1 	 (1)	

	
𝑝50𝑁𝑁 =

𝑁𝑁50
𝑛 − 1 × 100%	

(2)	
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Table	5.	Time-domain	measures	of	HRV.	

Metric	 Units	 Description	

RMSSD	 ms	 The	square	root	of	the	mean	of	the	sum	of	the	squares	
of	differences	between	adjacent	NN	intervals.	
	

p50NN	 %	 NN50	 count	 divided	 by	 the	 total	 number	 of	 all	 NN	
intervals.	Whereas,	NN50	is	the	number	of	differences	
between	 neighbouring	 NN	 intervals	 that	 exceed	
50ms.	
	

	

The	frequency-domain	analysis	of	HRV	allows	splitting	the	parameter	into	

three	frequency	ranges	i.e.,	Very	Low	Frequency	(VLF),	Low	Frequency	(LF),	and	

High	 Frequency	 (HF)	 (see	Table	 6).	 These	 were	 found	 to	 be	 affected	 by	 two	

divisions	 of	 autonomic	 Peripheral	 Nervous	 System	 (PNS)	 –	 sympathetic	 and	

parasympathetic	(Malliani	et	al.,	1991).	The	sympathetic	PNS	 is	responsible	 for	

body’s	 “fight-or-flight”	 mode	 and	 its	 pre-eminence	 tends	 to	 increase	 HR,	 its	

response	 is	 slow	 i.e.,	 few	seconds	 (Berntson	et	al.,	1997).	The	parasympathetic	

PNS	is	responsible	for	stimulation	of	"rest-and-digest"	or	"feed	and	breed”	and	its	

pre-eminence	tends	to	decrease	HR	(Tarvainen	and	Niskanen,	2012),	its	response	

is	 faster	 i.e.,	 0.2-0.6	 seconds	 (Berntson	 et	 al.,	 1997).	 There	 is	 no	 agreement	 in	

literature	where	VLF	mainly	comes	from,	thus,	this	measure	is	generally	omitted.	

The	 LF,	 HF	 and	 a	 ratio	 between	 those	 frequencies	 are	 mostly	 used	 to	 assess	

frequency-domain	 response	 of	 HRV.	 The	 LF	 was	 found	 to	 reflect	 mainly	

sympathetic	 PNS	 tone.	 On	 the	 other	 hand,	 the	 HF	 was	 found	 to	 reflect	

parasympathetic	PNS	and	is	mostly	influenced	by	breathing	or	Respiratory	Sinus	

Arrhythmia	(RSA)	(Malliani	et	al.,	1991;	Malik	et	al.,	1996;	McCorry,	2007).	The	

Lomb-Scargle	Periodogram	is	a	preferred	method	for	calculating	HRV	frequency	

spectrum	because	it	can	directly	use	unevenly	sampled	IBIs	or	RRs	and	because	it	

is	robust	to	missed	beats	(Healey	and	Picard,	2005;	Singh,	Conjeti	and	Banerjee,	

2013).	 The	Lomb-Scargle	 periodogram	 is	 a	means	 of	 obtaining	Power	 Spectral	

Density	 (PSD)	estimates	directly	 from	 irregularly	 sampled	 time	series,	 giving	a	

more	accurate	analysis	that	is	less	affected	by	ectopic	or	missing	beats	(Moody,	

1998).	
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Table	6.	Frequency-domain	measures	of	HRV.	

Metric	 Units	 Description	

VLF	 ms2	 Power	in	very	low	frequency	range	0.0033	-	0.04	Hz	
LF	 ms2	 Power	in	low	frequency	range	0.04	-	0.15	Hz	
HF	 ms2	 Power	in	high	frequency	range	0.15	-	0.4	Hz	
LF/HF	 	 Ratio	of	LF	to	HF	

	
	

The	inter-beat	intervals	(RRs)	were	filtered	using	the	method	described	by	

Logier,	 De	 Jonckheere	 and	 Dassonneville	 (2004).	 It	 allowed	 to	 filter	 missed	

detections,	wrong	 detections,	 and	 any	 ectopic	 heart	 beats	 (see	Figure	 9).	 The	

method	was	chosen	for	its	ability	to	filter	inter-beat	interval	artefacts	in	real-time	

using	 auto-adaptive	 thresholds	 on	 a	moving	window	under	 low	 computational	

demand.	

	

Missed	

detection	
	

RR2	=	2*RR1	

Wrong	

detection	
	

RR2+RR3	=	RR1	

Ectopic	

beat	
	

RR2+RR3	=	2*RR1	

Figure	9.	Inter-beat	interval	artefact	classification.	Adapted	from	(Logier,	De	Jonckheere	and	
Dassonneville,	2004).	

	

3.3 Signal	Stabilisation	in	the	Context	of	Take-Over	Task	

It	was	 previously	 emphasised	 that	 it	 is	 important	 to	 detect	 any	 driving	

performance	and	driver	 state	 impairments	 in	order	 to	allow	driving	assistance	

systems	 to	 compensate	 for	 any	 abnormalities	 in	 the	 vehicle	 control.	 This,	
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subsequently,	 could	 enable	 comfortable	 transition	 of	 automated	 to	 manual	

control.	Thus,	there	is	a	need	for	a	new	method	for	deriving	stabilisation	times	of	

driving	performance	and	driver	state	 indicators	 in	 the	context	of	automated	 to	

manual	control	scenarios.	The	method	previously	used	by	Merat	et	al.,	(2014)	and	

Pampel	et	al.,	 (2018)	was	 found	 to	be	 inconsistent	 in	determining	 stabilisation	

times.	Instead,	a	more	precise	and	consistent	method	should	be	used.	The	passage	

below	introduces	such	a	method.	

In	 should	 be	 noted	 that	 the	 method	 was	 collectively	 invented	 by	 the	

authors	 of	 this	 research	 and	 colleagues	 from	 International	 Digital	 Health	 and	

Engineering	Psychology	research	groups.	Firstly,	the	data	set	was	reduced	so	that	

it	only	consisted	of	time	series	data	from	the	point	of	automated	to	manual	control	

take-over.	Next,	the	signals	of	interest	were	binned	into	one-second	intervals	for	

the	 duration	 of	manual	 driving.	 Afterwards,	 the	 data	 file	was	 imported	 into	 R	

Studio	Version	1.1.383	for	further	analysis.	 It	should	be	noted	that	this	method	

can	only	be	applied	to	signals	showing	a	fairly	linear	response.	Also,	a	calculation	

can	only	be	performed	in	post-processing	when	entirety	of	a	signal	of	interest	was	

captured.	Thus,	a	different	method	should	be	adopted	for	real-time	data	analysis.		

	

	

Figure	10.	Signal	stabilisation	algorithm	binning	diagram.	

	

The	script	was	produced	to	facilitate	appropriate	data	labelling	(see	Figure	

10).	 The	 script	 allowed	 to	 relabel	 each	 bin	 from	 5+n	 seconds	 onwards	 to	 be	

treated	as	a	recording	for	the	remaining	time,	where	“n”	(i.e.,	cut-off	time)	ranged	
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from	0	to	55.	Essentially,	data	from	5+n	(which	for	the	final	second	of	the	manual	

drive	was	5+55,	for	example)	was	squashed	into	a	single	bin.	It	should	be	noted	

that	 a	 signal	 of	 interest	 had	 to	meet	 a	 certain	 criterion	 for	 this	method	 to	 be	

applicable.	That	 is,	a	signal	had	to	have	a	clear	 linear	trend	for	some	time	after	

manual	 control	 take-over	and	stay	 in	a	 tight	 range	 for	 the	 remaining	period	of	

driving.	For	the	signals	that	met	this	criterion,	multiple	model	fits	using	normal	

linear	 regressions	were	derived,	with	 a	 signal	being	 a	dependent	 variable	 and,	

previously	derived,	labels	set	as	independent	variables.	A	model	that	best	fit	the	

data	was	selected	as	signal	stabilisation	time	i.e.,	a	point	of	time	where	the	highest	

R-squared	was	detected.	Such	a	model	captured	a	linear	trend	at	the	beginning	of	

a	 time	 series	 signal	 the	 best.	 The	 models	 with	 cut-off	 time	 that	 exceeded	

stabilisation	time	were	affected	by	nonlinearity	and,	therefore,	had	a	poor	fit	(for	

better	understanding,	please	refer	to	Figure	32).	This	stabilisation	algorithm	was	

also	implemented	in	R.	

3.4 Inducing	Workload	in	the	Driving	Context	

3.4.1 Scenario	design	
In	some	studies,	the	workload	level	was	induced	by	varying	complexity	of	

driving	scenario	sections.	Specifically,	parameters	such	as	road	layout,	speed	limit,	

and	traffic	density	were	all	used	to	tune	drivers’	demand	during	the	primary	task	

of	driving.	For	the	purpose	of	this	EngD,	three	distinct	driving	scenario	sections	

were	generated	namely,	motorway,	rural,	and	urban.	The	urban	being	the	most	

demanding	due	to	high	traffic	density	and	complex	road	layout.	The	rural	section	

was	set	to	mimic	medium	workload	task	with	mild	traffic	and	occasional	changes	

to	the	road	layout.	Whereas,	motorway	section	was	the	least	demanding	due	to	

absence	of	traffic	and	requirement	to	drive	in	a	straight	road.	

3.4.2 Secondary	Task	–	N-Back	

A	visual	prompt-verbal	response	“N-Back”	test	was	used	to	induce	level	of	

workload	in	a	highly	controlled	manner.	The	task	was	performed	in	accordance	to	

the	method,	described	by	Mehler	et	al.	(2009).	The	single-digit	numbers,	ranging	

from	zero	to	nine,	were	displayed	on	a	secondary	screen	inside	the	simulator	for	

the	duration	of	2.25	seconds.	The	appearance	of	numbers	was	complemented	by	

an	audio	signal.	Each	test	contained	ten	numbers,	displayed	in	a	random	order.	In	
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total,	four	tests	were	performed	in	each	session	with	7	seconds’	delay	in-between	

tests.	

	

	

Figure	11.	Secondary	task	diagram.	

	

During	the	N-Back	practice	session	participants	have	experienced	all	three	

variations	 of	 the	 test.	 They	 had	 a	 chance	 to	 practice	 each	 variation	 until	 they	

perform	well	and	get	comfortable	with	it.	The	practice	test	was	displayed	to	the	

participants	using	the	smartphone.	The	user	interface	was	the	same	they	would	

later	experience	during	the	actual	driving	experiment.	

During	 the	 driving	 experiment	 a	 study	 facilitator	 has	 listened	 to	

participants’	verbal	recalls	of	the	numbers	(using	the	audio	feed	from	an	in-vehicle	

embedded	microphone)	 and	 noted	 them	 using	 pen	 and	 paper	 and	 the	 N-Back	

response	sheet.	These	responses	were	later	digitised	for	further	analysis.	

3.4.3 Subjectively	Assessing	Level	of	Workload	

To	measure	subjective	level	of	workload	two	methods	were	adopted.	The	

Overall	Workload	Scale	(OWS)	was	used	to	capture	subjective	level	of	workload	

in	real-time	without	interruption	the	driving	task	(Hill	et	al.,	1992).	While	driving,	

participants	were	asked	to	evaluate	their	subjective	workload	level	in	a	scale	from	

zero	 (very	 low	 overall	 workload)	 to	 100	 (extremely	 high	 level	 of	 overall	

workload).		

The	more	advanced	method	was	used	to	measure	subjective	workload	in	

the	end	of	each	driving	scenario	by	filling-in	Driving	Activity	Load	Index	(DALI)	

questionnaire	(Pauzié,	2008).	The	questionnaire	was	supplied	in	pen-and-paper	

format,	 where	 effort	 of	 attention,	 visual	 demand,	 auditory	 demand,	 temporal	



Innovation	Report	

	

	

Page	36	

demand,	interference,	and	situational	stress	had	to	be	rated	in	the	scale	from	zero	

(i.e.,	very	 low)	 to	 twenty	 (i.e.,	very	high)	 (see	Submission	5).	Participants	were	

required	 to	 reflect	 on	 their	 overall	 experience	 throughout	 the	driving	 scenario	

that	is,	from	the	time	scenario	was	loaded,	up	until	the	vehicle	reached	a	full	stop.	

All	participants	were	instructed	to	account	for	workload	they	have	experienced	

during	the	automated	mode,	transition	of	control,	and	subsequent	driving	in	the	

manual	mode.	The	DALI	responses	were	later	digitised	for	further	analysis.	

3.5 Evaluating	Drivers’	Perceptions	Towards	the	System		

To	quantify	acceptance	and	rank	system	usability	goals,	the	study	adopted	

multiple	 questionnaires,	 designed	 to	 capture	 participants’	 attitudes	 and	

perceptions	 towards	 the	 concept	 of	 DSM.	 The	 concept	 was	 influenced	 by	 the	

model	 of	 hybrid	 DSM	 system	 (see	 Figure	 4).	 The	 concept	 was	 presented	 to	

participants	in	a	text	and	picture	format	and	consisted	of	an	explanation	of	context	

of	use,	 including	information	about	the	user,	task,	equipment,	and	environment	

(BSI,	1998).	Participants	were	asked	to	read	and	fully	understand	it.	

3.5.1 Acceptance	

The	Unified	Theory	 of	Acceptance	 and	Use	 of	 Technology	 (UTAUT)	was	

specifically	 selected	 and	 adapted	 in	 this	 EngD	 to	 categorise	 DSM	 technology	

acceptance	 in	 the	 following	 terms:	 performance	 expectancy,	 effort	 expectancy,	

attitude	 towards	 using	 technology,	 social	 influence,	 anxiety,	 and	 behavioural	

intention	 (see	Figure	 12).	 Two	 exogenous	 factors	 i.e.,	 attitude	 towards	 use	 of	

technology	and	anxiety,	that	were	originally	used	by	Venkatesh	et	al.,	(2003)	in	

estimating	UTAUT,	were	brought	back	into	the	measurement	model	considering	

the	early	nature	and	safety	critical	aspects	of	DSM.	
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Figure	12.	Theoretical	framework	of	hypotheses.	Adapted	from	the	UTAUT	model	(Venkatesh	et	
al.,	2003).	

	

The	items	for	assessing	measurement	model	were	adopted	from	Venkatesh	

et	al.,	(2003).	The	survey	consisted	of	20	acceptance	related	questions	which	were	

rated	using	seven-point	Likert	scale,	ranging	from	strongly	disagree	to	strongly	

agree	(see	Submission	4).	

The	data	analysis	 consisted	of	descriptive	statistics	of	both	participants’	

demographics	 and	 UTAUT	 responses.	 Furthermore,	 both	 exploratory	 and	

confirmatory	factor	analyses	were	performed	on	UTAUT	responses.	Finally,	 the	

structure	 model	 was	 assembled	 and	 the	 appraisal	 of	 structure	 model	 was	

conducted	according	to	Structural	Equation	Modelling	(SEM)	principles	described	

by	Hair	et	al.,	 (2014).	The	authors	 suggest	using	at	 least	one	absolute	and	one	

incremental	goodness	of	fit	measure	in	addition	to	Chi-Square	and	the	associated	

degrees	of	freedom.	Moreover,	the	recommended	thresholds	for	model	appraisal	

were	used:	Chi-Square/df	<	3	(Bagozzi,	1988),	AGFI	>	0.8	(Chau	and	Hu,	2001),	

RMSEA	 <	 0.08	 (Browne	 and	 Cudeck,	 1992),	 CFI	 >	 0.95	 (Bagozzi,	 1988),	 and	

PCLOSE	>	0.05	(Hu	and	Bentler,	1999).	

3.5.2 Usability	Goals	

Moreover,	a	list	of	ten	usability	goals	was	composed	including,	safe	to	use,	

easy	 to	use,	 easy	 to	 learn,	 reliable	and	others.	Participants	were	asked	 to	 rank	

those	 goals	 using	 seven-point	 Likert	 scale,	 ranging	 from	 strongly	 irrelevant	 to	

strongly	important.	Furthermore,	participants	were	asked	to	identify	three	of	the	

least	and	the	most	important	goals	(see	Submission	4).	
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Introduction	to	the	Experimental	Work	
The	following	five	chapters	are	executive	summaries	of	Submissions	2,	3,	

4,	and	5.	Each	chapter	elaborates	on	the	aim,	purpose,	and	presents	key	findings	

and	discussion	of	each	experiment.	 	
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4 JLR	Heart:	Employing	Wearable	Technology	in	Non-
Intrusive	Driver	Physiology	Tracking,	Preliminary	
Study	

This	 chapter	 presents	 the	 executive	 summary	 of	 the	 Submission	 2.	 It	

should	be	noted	that	the	material	presented	in	this	chapter	was	peer-reviewed,	

presented	 at	 IEEE	 Intelligent	 Vehicle	 Symposium,	 and	 later	 published	 as	 a	

conference	proceeding	(Melnicuk	et	al.,	2016).	The	background	and	methodology	

supporting	this	study	was	provided	in	Chapters	2	and	3.	

4.1 Aim	

This	study	was	aiming	to	explore	the	reliability	and	validity	of	wearable	

CEDs	to	measure	human	physiology.	The	specific	objectives	were	set	to	investigate	

validity	 of	 driver’s	 heart	 rate	 captured	 by	 a	 wrist-worn	 consumer	 electronic	

device	and	 investigate	possibility	of	 employing	Heart	Rate	Variability	 (HRV)	 in	

driver’s	mental	workload	level	estimation.	

4.2 Purpose	

The	sensory	technology,	harware	and	software	have	significantly	advanced	

since	 the	early	90’s.	Today	 the	non-intrusive	physiological	 tracking	 is	available	

through	 wearable	 CEDs	 (e.g.,	 smartwatches	 and	 chest	 straps).	 Some	 of	 these	

devices	 are	 embedded	 with	 multiple	 sensors	 capable	 of	 measuring	 HR,	 HRV,	

Galvanic	Skin	Response	(GSR),	and	Peripheral	Body	Temperature	(PST)	in	real-

time.	 These	 devices	 are	mostly	 used	 to	 track	 physiology	 in	 health	 and	 fitness	

context,	and	there	is	not	much	reported	use	in	the	driving	context.	The	metrics	of	

numerous	physiological	 parameters	 captured	by	 such	devices	 could	be	 further	

fused	with	performance	and	situational	measurements	to	provide	more	reliable	

and	 valid	 multidimensional	 driver	 state	 evaluation	 in	 real-time.	 Furthermore,	

these	devices	could	be	employed	in	development	of	driver	state	cautious	Human-

Machine	 Interfaces	 (HMIs)	 or	 adaptive	 Advanced	 Driver	 Assistance	 Systems	

(ADAS).	Hence,	contribute	to	improvement	of	road	safety.	
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4.3 Summary	

The	driving	context	was	reproduced	in	the	Desktop	Driving	Simulator	(see	

Figure	6).	In	total,	14	participants	(Age,	M	=	28,	SD	=	8.5	years)	agreed	to	take	part	

in	this	study	with	two	datasets	removed	due	to	simulator	sickness	and	a	technical	

reason.	

All	 participants	 were	 exposed	 to	 various	 road	 types,	 including	 pure	

“Motorway”,	“Rural”,	and	“Urban”	driving.	An	accident	was	simulated	in	order	to	

generate	 sudden	 cognitive	 arousal	 and	 capture	 participants’	 physiological	

response	to	the	generated	distress.	The	duration	of	individual	scenario	sections	is	

provided	in	Table	7.	

The	 driving	 scenario	 was	 designed	 to	 allow	 participants	 to	 experience	

different	levels	of	workload.	This	was	achieved	by	incorporating	various	types	of	

roads,	 traffic	 levels,	 tasks,	 auditory	 navigation	 commands,	 and	 an	 accident	

simulation	in	the	scenario	database.	The	assumption	was	made	that	variation	in	

road	complexity	and	demand	have	 increased	 levels	of	visual,	 auditory,	manual,	

and	presumably	cognitive	workload.	

	

Table	7:	Approximate	time	durations	of	simulator	driving	scenario	modes.	

Scenario	Mode	 Minutes	

Resting	 5	
Transition	 7	
Urban	 5	
Rural	 7	
Motorway	 10	
Accident	 1	

	

Participants	were	asked	to	wear	BASIS	Peak	smartwatch	on	their	wrist	of	

their	preferred	hand	and	attach	Polar	H7	heart	monitor	around	their	chest	(see	

Figure	7).	The	quantitative	data	sets	including,	Beats	Per	Minute	(BPM),	Galvanic	

Skin	 Response	 (GSR),	 and	 Peripheral	 Skin	 Temperature	 (PST),	 were	 collected	

throughout	 the	 desktop	 simulator	 user	 trials	 using	 specified	 CEDs.	 The	 data	

collection	was	initiated	through	two	separate	mobile	devices.	An	LG	Nexus	7	tablet	

with	 preinstalled	 “HRV	 Expert	 by	 CardioMood”	 mobile	 application	 was	
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synchronised	 with	 POLAR	 H7	 and	 an	 iPhone	 6	 with	 preinstalled	 “Basis	 Peak”	

application	was	synchronised	with	BASIS	Peak	smartwatch.	

It	should	be	noted	that	the	raw	heart	activity	data	recorded	through	POLAR	

H7	was	averaged	to	form	minute	long	measures	of	BPM.	This	was	implemented	in	

order	to	mirror	the	data	format	of	BASIS	Peak,	which	records	average	BPM	per	

every	minute.	

4.4 Key	Findings	and	Discussion	

It	was	found	that	mean	BPM	for	the	BASIS	Peak,	calculated	over	the	entire	

duration	of	the	driving	scenario	including	all	participants’	data,	was	68.94	(M	=	

10.35)	 and	 for	 the	 POLAR	H7	 it	was	 69.99	 (M	=	 10.90).	Neither	measurement	

method	 (BASIS	 or	 POLAR)	 reveals	 unusual	 features,	 such	 as	 gaps	 or	 outliers	

(Figure	 13).	 The	mean	 BPM	differences	 between	 two	measurements	methods	

(POLAR	 minus	 BASIS)	 were	 not	 normally	 distributed	 (Shapiro-Wilk	 test,	

p<0.001),	 with	 distribution	 negatively	 (-0.3)	 skewed	 (Figure	 14).	 Despite	 the	

mean	difference	between	per-minute	averaged	readings	being	approximately	one	

BPM,	 it	was	highly	significant	(Wilcoxon	signed-rank	test,	Z	=	-10.47,	p<0.001).	

However,	 there	 was	 a	 strong	 correlation	 between	 BPM	 readings	 captured	 by	

BASIS	Peak	and	POLAR	H7	(Spearman’s	Correlation	=	0.971,	p<0.01).	

	

	
Figure	13:	Heart	Rate	summary	box	plot	for	both	
measurement	methods.	

	
Figure	14:	Histogram	of	BPM	differences	
between	two	measurement	methods	
(POLAR	minus	BASIS).	
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Next,	 the	 impact	of	 road	 types	on	BPM	readings	 captured	by	BASIS	and	

POLAR	was	investigated.	It	was	found	that	BPM	variance	captured	by	BASIS	was	

not	 significantly	 affected	 (repeated	 measure	 ANOVA,	 Wilks’	 Lambda=0.482,	

p=0.075)	 by	 task	 complexity	 variations	 in	 different	 road	 types.	Whereas,	 BPM	

variance	 captured	 by	 Polar	 was	 in	 fact	 affected	 by	 road	 complexity	 (repeated	

measure	ANOVA,	Wilks’	Lambda=0.413,	p<0.05)	(see	Figure	15).	Moreover,	raw	

BPM	metrics	 (see	Figure	16),	 	 dcollected	 using	POLAR	H7,	 showed	 significant	

difference	 in	 various	 road	 types	 (repeated	 measure	 ANOVA,	 Wilks’	

Lambda=0.411,	 p<0.05).	 It	 is	 evident	 that	 the	 BRMs	 were	 steadily	 increasing	

following	an	increase	in	road	complexity	(see	Figure	16).	

	

	
Figure	15:	Mean	BPM	measurements	
categorised	be	scenario	mode.	

	
Figure	16.	POLAR	Raw	Mean	BPM	
measurements	categorised	by	scenario	
mode.	

	

The	 impact	of	road	types	on	HRV	readings	was	 investigated	next.	 It	was	

found	 that	 both	 RMSSD	 and	 p50NN	 variances	 were	 significantly	 affected	

(repeated	measure	ANOVA,	RMSSD100:	Wilk’s	 Lambda=0.362,	 p<0.05;	 p50NN:	

Wilk’s	Lambda=0.395,	p<0.05)	by	variations	of	complexity	 in	different	scenario	

modes	(see	Figure	17	and	Figure	18).	As	expected,	a	steady	drop	in	HRV	can	be	

observed	 (in	 both	 indicators	 RMSSD	 and	 p50NN)	 due	 to	 increase	 of	 road	

complexity	 in	 various	 scenario	 sections	 (see	 Figure	 17	 and	 Figure	 18).	

Importantly,	the	highest	HRV	(hence,	the	lowest	workload)	was	recorded	during	

the	rest	period,	which	was	the	task	of	the	lowest	demand.	
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Figure	17.	Mean	RMSSD	of	100	samples	
period	categorised	by	scenario	mode.	

	
Figure	18.	Mean	p50NN	of	100	samples	
period	categorised	by	scenario	mode.	

	 	
The	 HRV	 was	 also	 found	 to	 follow	 driving	 task	 complexity	 pattern.	

According	to	the	literature	time-domain	measures	of	HRV	tend	to	decrease	with	

increased	 levels	of	workload	 (De	Waard,	1996);	 this	 trend	was	 confirmed	 (see	

Figure	17	and	Figure	18).	

4.5 Conclusion	

It	was	 demonstrated	 that	 a	 smartwatch	 is	 capable	 of	 valid	 and	 reliable	

heart	 activity	 tracking	 in	 the	 driving	 context.	 Although,	 data	 rate	 limitations	

persist.	The	HR	metrics	did	not	agree	with	the	baseline	reference,	minute	average	

HR	 from	BASIS	was	 consistently	 just	 the	 one	 BPM	 out	 across	 scenario	modes.	

However,	 it	 demonstrated	 significant	 correlation	 with	 metrics	 measured	 by	

POLAR	 H7,	 a	 well-established	 measurement	 method	 of	 heart	 activity.	 The	

relationship	 of	 mean	 HR	 and	 driving	 task	 complexity	 was	 also	 confirmed.	

Interestingly,	 HRV	 was	 also	 found	 to	 be	 affected	 by	 workload	 level,	 induced	

driving	 tasks	 of	 various	 complexity.	 Primarily,	 time-domain	 measures	 were	

significantly	affected	by	workload	fluctuations.	The	frequency-domain	metrics	did	

not	demonstrate	direct	agreement	with	background	literature.	The	GSR	and	PST	

were	also	captured	(see	Submission	2);	these	did	not	demonstrate	any	relevant	

dependencies	on	driving	task	complexity.	
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5 Employing	Consumer	Electronic	Devices	in	
Physiological	and	Emotional	Evaluation	of	Common	
Driving	Activities	

This	 chapter	 presents	 the	 executive	 summary	 of	 the	 Submission	 3.	 It	

should	be	noted	that	the	material	presented	in	this	chapter	was	peer-reviewed,	

presented	 at	 IEEE	 Intelligent	 Vehicle	 Symposium,	 and	 later	 published	 as	 a	

conference	proceeding	(Melnicuk	et	al.,	2017).	The	background	and	methodology	

supporting	this	study	was	provided	in	Chapters	2	and	3.	

5.1 Aim	

This	study	was	aiming	to	demonstrate	how	several	Consumer	Electronic	

Devices	 (CEDs)	 can	 be	 employed	 in	 physiological	 and	 emotional	 evaluation	 of	

common	driving	activities.	

5.2 Purpose	

It	was	demonstrated	in	Chapter	2,	that	it	could	be	beneficial	to	equip	future	

vehicles	with	an	on-board	system	capable	of	tracking	and	analysing	driver	state	in	

real-time	 in	order	 to	mitigate	 the	risk	of	human	error	occurrence	 in	manual	or	

partially	automated	driving.	The	CEDs	could	offer	a	great	potential	for	Driver	State	

Monitoring	(DSM)	in	non-intrusive	and	cost-effective	manner.	However,	research	

community	and	automakers	are	reluctant	to	adopt	DSM	though	CEDs	due	to	lack	

of	evidence	on	data	validity	and	reliability.	To	promote	CEDs	uptake	in	DSM,	this	

study	 presents	 an	 attempt	 to	 employ	 several	 consumer	 grade	 devices	 for	 the	

purpose	of	DSM.	

5.3 Summary	

The	study	adopted	repeated	measure	design	and	was	performed	in	WMG’s	

high-fidelity	3xD	driving	simulator	 (see	Figure	5).	The	driving	 scenario	design	

template	is	summarised	in	the	diagram	below	(see	Figure	19).	Road	sections	were	

designed	to	replicate	differences	in	driving	task	complexity	and	mimic	real-world	

driving	 conditions.	 The	 scenario	 also	 included	 several	 events	 e.g.,	 rapidly	

decelerating	 in-front	 vehicles,	 unexpectedly	 crossing	 pedestrians,	 forced	

overtaking	of	stationary	vehicles,	avoidance	of	stationary	vehicles	in	autonomous	
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mode,	and	extremely	dense	and	slow-moving	traffic	in	urban	area.	These	events	

were	 designed	 to	 encourage	 differing	 physiological	 and	 emotional	 responses	

under	highly	distressful	and	unexpected	situations.	

	

	

Figure	19.	Driving	scenario	diagram.	

	

Every	 road	 section	 was	 separated	 by	 a	 one-minute	 transition	 period.	

During	this	period	participants	were	asked	to	evaluate	their	subjective	workload	

level	 in	 accordance	 to	 Overall	 Workload	 Scale	 (OWS)	 (Hill	 et	 al.,	 1992).	 This	

method	allowed	to	avoid	continuous	driving	interruption,	which	could	potentially	

affect	 physiological	 responses.	 Therefore,	 total	 duration	 of	 continuous	 driving	

lasted	for	approximately	33	minutes.	

A	total	of	39	participants	volunteered	to	take	part	in	this	driving	simulator	

study	of	which	28	were	males	and	11	were	females.	However,	only	25	out	of	39	

participants	 have	 successfully	 completed	 driving	 experiment.	 Ten	 participants	

have	experienced	simulator	sickness	and	four	participants	could	not	complete	the	

experiment	due	to	various	technical	reasons.	Additionally,	heart	rate	data	of	eight	

participants	was	rejected	after	visual	 inspection	due	 to	abundance	of	artefacts.	

Thus,	the	remaining	sample	consisted	of	17	data	sets	from	participants	of	mixed	

gender	and	age	(M	=	32.23,	SD	=	9.45).	

The	mobile	DSM	system,	consisting	of	Empatica	E4	wristband	and	Polar	H7	

chest	heart	monitor	(see	Figure	7),	was	developed.	In	addition	to	the	wearable	

devices,	a	smartphone,	equipped	with	a	custom-built	DSM	Toolkit	(presented	in	

Chapter	 8),	 was	 used.	 The	 system	 also	 allowed	 to	 capture	 drivers’	 facial	

expressions	 for	 emotional	 state	 estimation	 using	 Affectiva’s	 Affdex	 Software	

Development	 Kit	 (SDK)	 (Affectiva	 Inc.,	 2015).	 It	 was	 used	 to	 capture	 several	

physiological	indicators	and	evaluate	driver’s	emotional	state	in	highly	immersive	

simulated	driving	environment.	It	was	hypothesised	that	significant	differences	in	
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drivers’	state	can	be	detected	on	road	sections	of	distinct	task	complexities,	such	

as	 urban,	 rural,	 and	 motorway.	 In	 addition	 to	 common	 road	 types,	 fully	

autonomous	driving	and	a	racing	section	were	simulated.	Furthermore,	several	

extreme	traffic	situations	were	present	including	rapidly	decelerating	an	in-front	

vehicle	and	unexpected	crossing	pedestrians.	These	situations	were	expected	to	

produce	distinct	physiological	and	emotional	responses.	

5.4 Key	Findings	and	Discussion	

The	 impact	of	 task	complexity	 in	different	scenario	modes	on	subjective	

evaluation	 of	 overall	 workload	 is	 presented	 in	 Figure	 20.	 It	 was	 found	 that	

scenario	modes	had	a	statistically	significant	effect	on	subjective	evaluations	of	

OWS,	F(5,	94)	=	19.900,	p	<	0.001.	

	

	

Figure	20.	Mean	Overall	Workload,	categorised	by	scenario	modes.	

	

Several	objective	measures	were	tested	for	an	effect	of	task	complexity	in	

various	scenario	modes.	For	instance,	the	impact	of	scenario	modes	on	inter-beat	

intervals	 (RR),	 measured	 by	 Polar	 H7	 and	 Empatica	 E4	 (see	 Figure	 7),	 was	

identified.	 It	was	 found	that	RRs	 from	both	measurement	methods	(see	Figure	

21a	 and	 Figure	 21c)	 were	 significantly	 affected	 by	 various	 scenario	 modes	

(repeated	measure	ANOVA,	Polar	H7,	Wilks’	Lambda=0.324,	p<0.05;	Empatica	E4,	

Wilks’	Lambda=0.312,	p<0.05).	Furthermore,	the	post-hoc	pairwise	comparison	

with	 Bonferroni	 correction	 revealed	 some	 specific	 differences	 within	 scenario	

sections.	For	instance,	the	racing	section	was	found	to	significantly	differ	from	all	

the	scenario	sections	other	than	urban	environment.	Moreover,	heart	rate	during	
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the	autonomous	driving	section	was	found	to	insignificantly	differ	from	the	rural	

and	motorway	driving	section	as	well	as	resting	period.	Furthermore,	the	inter-

beat	intervals,	captured	by	Polar	H7,	have	revealed	the	following	patterns:	highly	

demanding	 scenario	 modes,	 including	 Urban	 and	 Racing	 sections,	 resulted	 in	

elevated	 heart	 rate,	 whereas	 low-demand	 tasks,	 such	 as	 Motorway	 and	

Autonomous	driving,	caused	heart	rate	to	slow	down	(see	Figure	21a).	

Even	 though	Empatica	E4	did	not	detect	approximately	62%	of	RR	data	

points	 in	 comparison	 to	 Polar	 H7,	 strong	 correlation	 was	 present	 between	

measurement	methods,	Pearson’s	correlation,	r	=	0.876,	p	<	0.01.		

The	 response	 to	 several	 emergency	 situations	 was	 also	 studied	 in	 the	

context	of	RR	measure	over	15	seconds’	window	prior	to	an	event	and	15	seconds	

of	post-event	 response	 (see	Figure	21b).	 In	 total,	 five	 emergency	 situations	 in	

Urban	area	were	subject	to	evaluation.	The	RRs	were	found	to	be	affected	by	the	

stimuli	(repeated	measure	ANOVA,	Wilks’	Lambda=0.707,	p<0.01),	with	heart	rate	

increasing	following	the	events.	

	

(a)	

	

(b)	

	

(c)	

	

Figure	21.	Plots	(a)	and	(c)	represent	mean	RR	responses	categorised	by	scenario	modes.	Plot	
(b)	represent	mean	RR	responses	before	and	after	emergency	situations	in	urban	scenario	mode.		

	

Time	domain	HRV	metrics	including	RMSSD	and	p50NN	(see	Figure	22)	

were	 also	 analysed	 using	 repeated	 measure	 ANOVA.	 Both	 RMSSD,	 Wilks’	



Innovation	Report	

	

	

Page	48	

Lambda=0.304,	p	<	0.01,	and	p50NN,	Wilks’	Lambda=0.378,	p	<	0.01,	across	all	

moving	windows	were	found	to	be	significantly	affected	due	to	impact	on	various	

scenario	modes	 (results	 reported	 for	 120s	moving	window).	 Again,	 an	 overall	

decrease	of	HRV	due	to	increase	of	workload	was	observed,	this	phenomena	was	

previously	described	by	Malik	et	al.,	(1996)	and	was	previously	replicated	in	our	

preliminary	 DSM	 user	 trial	 (see	 Chapter	 4).	 Furthermore,	 gradual	 decrease	 of	

variance	was	observed	in	RMSSD	across	all	moving	windows	that	is,	(SDRMSSD10	=	

17.083)	>	(SDRMSSD30	=	15.286)	>	(SDRMSSD60	=	14.603)	>	(SDRMSSD120	=	14.026).			

	

	

Figure	22.	Mean	RMSSD	of	10,	30,	60,	and	120	seconds	moving	window,	categorised	by	scenario	
modes.	

	

Next,	seven	basic	emotions	were	detected	using	the	Affectiva	Affdex	SDK	in	

accordance	to	Facial	Action	Coding	System	(FACS),	the	most	comprehensive	and	

widely	 used	 objective	 taxonomy	 for	 coding	 facial	 behaviour	 (Ekman	 and	

Rosenberg,	2005;	McDuff	et	al.,	2016).	The	SDK	provided	state-of-the-art	real-time	

emotions	 analysis	 which	 was	 trained	 on	 the	 world’s	 largest	 dataset	 of	 facial	

expressions	and	has	been	optimised	to	operate	on	mobile	devices	and	with	very	

few	false	detections	(McDuff	et	al.,	2016).	

It	was	 found	 that	 all	 emotions	 are	 significantly	 different	 across	 various	

scenario	modes	 (see	Figure	23).	Previous	attempts	have	 successfully	 captured	

mostly	 negative	 valence	 in	 various	 driving	 conditions	 (Schmidt,	 Decke	 and	

Rasshofer,	 2016).	 Considering	 that	 the	 high	 relevance	 of	 positive	 valence	 to	
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driving	was	documented	by	a	substantial	body	of	literature	(Eyben	et	al.,	2010),	

future	 DSM	 systems	 could	 also	 benefit	 from	 detection	 of	 positive	 emotions.	

Therefore,	 specific	 scenario	mode	was	designed	 to	elicit	positive	 emotion	onto	

participating	 drivers.	 Racing	mode	 resulted	 in	 significantly	 elevated	 emotional	

response	including	joy,	and	surprise.	

	

		

Figure	23.	The	plot	on	the	left	represents	mean	emotions	categorised	by	scenario	modes.	The	
plot	on	the	right	represents	mean	emotion	responses	before	and	after	emergency	situations	in	

urban	scenario	mode.	

	

The	emotional	response	was	similar	 in	evaluation	of	extreme	situations,	

where	prevalence	of	joy	and	surprise	could	be	observed	(see	Figure	24).	Both	joy	

and	 surprise	 consistently	 showed	 a	 pattern	 of	 rapidly	 elevating	 emotional	

response	after	each	event	(see	Figure	25).	This	could	be	also	observed	in	valence,	

where	 positive	 response	 was	 prevalent	 for	 some	 period	 (approximately	 8-10	

seconds)	after	each	event.	Given	that	the	majority	of	study	participants	managed	

to	 react	 to	 the	 dangerous	 events	 in	 the	 timely	manner,	 thus,	 avoiding	 vehicle	

collision,	 the	 prevalence	 of	 positive	 emotional	 response	 could	 be	 a	 sign	 of	

participants	feeling	relieved.		
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Figure	24.	The	plot	represents	mean	emotional	responses	15	seconds	before	and	15	seconds	
after	event	triggers	(logarithmic	scale).	The	following	sample	includes	responses	across	all	three	

events.	

	

	 	 	

Figure	25.	Plots	represent	mean	valence,	joy,	and	surprise	(from	left	to	right),	which	were	
further	split	into	individual	events	on	second	by	second	basis.	Reference	line	was	added	to	signal	
the	place	of	an	event	trigger.	Event	2	=	rapidly	decelerating	in-front	vehicle,	event	4	=	forced	

overtaking	of	stationary	vehicle,	and	event	6	=	unexpectedly	crossing	pedestrian.	
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5.5 Conclusion	

To	 conclude,	 this	 study	 has	 provided	 some	 supporting	 evidence	 for	 the	

adoption	of	consumer	grade	electronic	device	in	driver	state	monitoring.	It	was	

shown	how	a	mobile	device	can	act	as	a	host	for	DSM	system,	support	connectivity,	

synchronisation,	 and	 storage	 of	 DSM	 related	 measures	 from	multiple	 devices.	

Also,	the	appropriate	suggestions	were	made	on	relevance	of	various	physiology	

and	emotions	indicators,	sourced	from	CEDs.	Moreover,	 it	was	shown	how	task	

complexity	can	be	reflected	in	drivers’	physiological	and	emotional	responses	in	

simulated	 environment.	 By	 conducting	 driving	 simulator	 study,	 the	 specific	

patterns	were	demonstrated	which	can	emerge	during	sudden	road	events.	For	

instance,	 extreme	 positive-valence	 emotions,	 such	 as	 joy	 and	 surprise,	 were	

predominant.	Such	patterns	may	result	in	distraction	from	primary	task	of	driving.	

Thus,	attempts	to	mitigate	those	emotional	responses	by	introducing	adaptive	in-

vehicle	HMI	should	be	made.	
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6 How	Acceptable	is	it	to	Monitor	Driver	State?	Using	
the	UTAUT	Model	to	Analyse	Drivers’	Perception	
Towards	the	System	

This	 chapter	 presents	 the	 executive	 summary	 of	 the	 Submission	 4.	 It	

should	be	noted	that	the	material	presented	in	this	chapter	was	peer-reviewed,	

presented	at	International	Conference	on	Applied	Human	Factors	and	Ergonomics	

(AHFE),	and	later	published	as	a	conference	proceeding		(Melnicuk	et	al.,	2019).	

The	background	and	methodology	supporting	this	study	was	provided	in	Chapters	

2	and	3.	

6.1 Aim	

This	 study	was	 aiming	 to	 identify	 preliminary	 acceptance	 and	 usability	

goals	of	a	hybrid	Driver	State	Monitoring	(DSM)	system.	

6.2 Summary	

Despite	 the	 willingness	 of	 the	 research	 community	 and	 automakers	 to	

equip	vehicles	with	DSM	technology,	the	acceptance	of	such	systems	could	be	poor	

due	to	inadequate	design	implementations.	To	demonstrate	willingness	within	a	

user	group	to	employ	DSM	technology	for	the	task	it	is	designed	to	support,	the	

acceptance	of	the	system	was	investigated	using	Unified	Theory	of	Acceptance	and	

Use	of	Technology	(UTAUT).	The	UTAUT	framework	was	specifically	adapted	to	

study	the	context	of	use	of	a	hybrid	DSM	system	and	was	disseminated	in	a	survey.	

Furthermore,	since	DSM	is	a	relatively	new	technology	in	the	automotive	

domain,	its	usability	goals	were	not	defined	in	the	literature.	Hence,	a	list	of	ten	

usability	goals	was	composed	and	ranked	by	survey	participants.		

6.3 Key	Findings	and	Discussion	

In	 total,	 95	 survey	 responses	 were	 recorded.	 The	 sample	 consisted	 of	

participants	of	mixed	gender	and	age	(M	=	34.81,	SD	=	9.32	years).	The	sample	size	

was	found	to	be	adequate	and	good	quality	of	data	was	statistically	confirmed.	

The	 measurement	 model	 factors	 were	 extracted	 using	 the	 Maximum	

Likelihood	method	with	Verimax	rotation.	Their	loading,	reliability,	and	extracted	
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variance	is	presented	in	the	table	below	(see	Table	8).	The	reasoning	of	choosing	

these	particular	factor	items	is	laid	out	in	Submission	4.	

	
Table	8.	UTAUT	factor	loadings,	reliability,	and	variance	extracted.	

Factor	 Item	 Factor	loading	 Reliability	
(Cronbach’s	Alpha)	

Variance	
Extracted	(%)	

Performance	
Expectancy	(PE)	

P2	 0.893	 0.725	 10.139	
P3	 0.547	

Effort	Expectancy	(EE)	 E1	 0.765	 0.874	 16.758	
E2	 0.894	
E3	 0.769	

Social	Influence	(SI)	 S1	 0.743	 0.899	 12.905	
S2	 0.943	

Anxiety	(AN)	 A1	 0.804	 0.843	 15.432	
A2	 0.773	
A3	 0.804	

Behavioural	
Intention	(BI)	

B1	 0.957	 0.911	 19.137	
B2	 0.877	
B3	 0.757	

	

The	measurement	and	structure	model	of	acceptance	was	appraised	using	

Structural	Equation	Modelling	(SEM).	 It	was	statistically	demonstrated	 that	 the	

collected	data	fits	the	structure	model.	Overall,	the	model	accounted	for	22%	of	

the	variance,	which	is	comparable	within	the	literature,	in	intention	to	use	DSM	

technology	(Behaviour	Intention	R-Squared	=	0.22)	(see	Figure	26).		

	

	

Figure	26.	Structural	Equation	Modelling	Results.	
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It	was	 found	 that	 the	Social	 Influence	 factor	 is	 a	 significant	predictor	of	

Behaviour	Intention	to	use	a	DSM	system.	Neither	Performance	Expectancy,	Effort	

Expectancy,	or	Anxiety	factors	revealed	any	significant	effect.	

With	 regards	 to	 usability,	 all	 goals	 were	 generally	 rated	 between	

“moderately	important”	and	“strongly	important”	(see	Table	9).	It	was	found	that	

participants	value	safety	of	use,	reliability,	and	easiness	of	use	the	most	whereas,	

perceived	easiness	to	learn,	good	integration,	and	comfort	as	the	least	important	

for	usability.	Finally,	the	commonly	suggested	usability	goals	by	the	participants	

were:	affordability,	data	integrity,	and	data	security.	These	findings	can	be	used	in	

future	 studies	 concerning	 usability	 evaluations	 of	 DSM	 systems	 in	 accordance	

with	user-centered	principles	(BSI,	2010).	

	
Table	9.	Usability	Goals	Descriptive	Statistics.	

Usability	goal	 Mean	 Std.	
deviation	

Most	important	
frequency	

Least	important	
frequency	

Safe	to	use	 6.66	 0.794	 73	(1)	 4	
Easy	to	use	 6.23	 0.950	 32	(3)	 18	
Easy	to	learn	 6.07	 1.094	 8	 53	(1)	
Well	integrated	 6.28	 1.108	 17	 46	(2)	
Non-intrusive	 6.39	 0.867	 31	 32	
Assisting	 6.02	 1.101	 13	 33	
Effective	 6.40	 0.868	 26	 12	
Reliable	 6.66	 0.738	 51	(2)	 7	
Comfortable	 6.22	 1.002	 10	 40	(3)	
Secure	 6.11	 1.425	 24	 37	

	

6.4 Conclusion	

To	conclude,	several	implications	for	researchers	and	developers	of	DSM	

systems	were	suggested	in	Submission	4.	The	lack	of	significant	anxiety	effect	on	

intention	to	use	a	hybrid	DSM	system	can	be	interpreted	as	favourable	for	overall	

acceptance	of	DSM	technology.	Essentially,	 it	 can	be	concluded	 that	 there	 is	no	

significant	 negative	 attitude	 towards	 the	 use	 of	 DSM	 technology	 due	 to	

apprehension,	 intimidation,	or	 fear	of	making	mistakes.	 It	was	also	emphasised	

that	future	research	should	attempt	to	design	comprehensive	use	cases	for	DSM	

with	testing	procedures	in	simulated	driving	environment.	This	could	potentially	

promote	 a	 better	 understanding	 of	 DSM	 benefits	 and,	 as	 a	 result,	 allow	more	
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precise	 acceptance	 and	usability	 evaluations.	However,	 it	 should	be	noted	 that	

those	findings	are	not	representative	of	general	population	which	is	highlighted	

by	the	skew	towards	young	males	with	a	strong	interest	in	technology	reported	in	

the	demographics.	
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7 Effect	of	Cognitive	and	Visual	Load	on	Drivers’	State	
and	Driving	Performance	During	Autonomous	to	
Manual	Control	Take	Over	

This	 chapter	 presents	 the	 executive	 summary	 of	 the	 Submission	 5.	 The	

background	and	methodology	supporting	this	study	was	provided	in	Chapters	2	

and	3	respectively.	

7.1 Aim	

This	study	was	aiming	to	explore	effect	of	cognitive	and	visual	workload	on	

drivers’	state	and	driving	performance	during	the	automated	to	manual	control	

transition	scenarios.	

7.2 Purpose	

By	 consolidating	 the	 key	 findings	 from	 the	 reviewed	 literature	 (see	

Submission	5),	it	can	be	concluded	that	majority	of	the	studies	have	considered	

driving	behaviour	and	driving	performance	measures	 for	quality	assessment	of	

control	 take-over	 scenarios.	 For	 instance,	 driving	 performance	 was	 mainly	

evaluated	using	changes	in	mean	speed	and	standard	deviation	of	lane	position.	

Whereas,	 driver	 behaviour	 was	 predominantly	 described	 using	 eye	 glance	

behaviour	and	reaction	times	to	various	on-road	events.	Occasionally,	driver	state	

is	evaluated	using	subjective	measures.	

In	order	to	further	enhance	our	understanding	of	factors	affecting	quality	

of	 automated	 to	 manual	 control	 take-over	 events	 and	 subsequent	 period	 of	

manual	driving,	it	could	be	beneficial	to	objectively	analyse	drivers’	state	during	

these	scenarios.	It	was	previously	argued	that	workload	may	play	a	crucial	role	in	

drivers’	ability	 to	regain	control	after	a	period	of	automated	driving,	with	both	

overloading	 and	 underloading	 being	 detrimental	 to	 driving	 performance	

(Campbell	et	 al.,	 2018).	 It	 has	been	previously	demonstrated	 that	high	 level	 of	

cognitive	 and	 visual	 workload	 may	 negatively	 affect	 driving	 performance	 in	

manual	driving	scenarios	(Engström,	Johansson	and	Östlund,	2005;	Reimer	and	

Mehler,	 2011;	 Paxion,	 Galy	 and	Berthelon,	 2014).	 On	 the	 other	 hand,	 a	 lack	 of	

workload	may	 induce	passive	 fatigue	due	 to	monotonous	nature	 of	 automated	

driving	over	extended	period	of	time	(Saxby	et	al.,	2013).	However,	there	is	limited	
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evidence	informing	effect	of	workload	on	drivers’	ability	to	effectively	take-over	

manual	control	of	a	vehicle	after	a	prolonged	period	of	automated	driving,	hence,	

the	need	 for	 this	study.	 It	 is	also	essential	 to	understand	how	workload	affects	

drivers’	 ability	 to	 perform	 primary	 task	 of	 driving	 during	 the	 first	 minute	 of	

manual	driving.	

According	 to	 results	 from	Merat	et	al.,	 (2014)	and	Pampel	et	al.,	 (2018)	

studies,	some	driving	performance	indicators	can	take	from	25	to	40	seconds	to	

stabilise	 from	 the	 point	 of	 control	 take-over.	 However,	 the	 authors’	 adopted	

method	is	not	optimised	for	deriving	stabilisation	times	of	such	signals.	Thus,	it	

revealed	 no	 statistically	 significant	 difference	 between	 the	 measurement	 time	

periods	in	spite	of	the	clear	presence	of	linear	trend	leading	to	a	stabilisation	point	

in	some	of	the	driving	performance	indicators.	Instead,	a	new	method	for	deriving	

stabilisation	 time	 should	 be	 introduced	 which	 could	 deliver	 more	 consistent	

results.	

It	is	also	unknown	whether	stabilisation	times	vary	significantly	depending	

on	the	amount	of	workload	drivers	are	exposed	to	prior	to	transition.	Moreover,	

stabilisation	 times	 of	 objective	 driver	 state	 indicators	 i.e.,	 physiology	 and	

emotions,	were	not	studied	in	the	context	of	conditional	automation.	The	real-time	

objective	driver	state	assessment	could	help	to	better	understand	precisely	how	

long	it	might	take	for	a	driver	to	get	back	in	the	loop,	as	well	as	reach	an	optimal	

driving	performance.	

7.3 Summary	

The	 study	 adopted	 repeated	 measure	 design	 and	 used	 WMG’s	 3xD	

simulator	(see	Figure	5).	The	measures	of	interest	included	drivers’	physiological	

responses	and	emotions	e.g.,	heart	rate,	skin	sweatiness,	and	facial	expressions,	as	

well	 as	 driving	 performance	 measures	 e.g.,	 speed,	 steering	 angle,	 and	 lane	

position.	All	measures	captured	throughout	this	study	are	listed	in	Table	3	and	

Table	4.	

To	 facilitate	 collection	 of	 physiological	 data,	 all	 participants	 wore	 an	

Empatica	 E4	 wristband	 (Empatica	 Inc.,	 2015)	 and	 POLAR	 H10	 Heart	 Monitor	

(Polar	 Electro,	 2018)	 (see	 Chapter	 3).	 In	 addition	 to	 the	 wearable	 devices,	 a	

smartphone,	equipped	with	a	custom-built	DSM	Toolkit	(presented	in	Chapter	8),	
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was	used.	It	also	allowed	to	capture	drivers’	facial	expressions	for	emotional	state	

estimation	 using	 Affectiva’s	 Affdex	 Software	 Development	 Kit	 (SDK)	 (Affectiva	

Inc.,	2015).	

The	driving	scenario	design	template	is	summarised	in	the	diagram	below	

(see	Figure	27),	),	which	generally	consisted	of	2	minutes	of	autonomous	(or	AI)	

driving	during	with	varying	levels	of	induced	workload,	followed	by	a	transition	

to	manual	driving	(prompted	by	a	visual	and	auditory	warning),	finishing	with	1	

minute	 of	 manual	 driving.	 Each	 participant	 was	 exposed	 to	 both	 urban	 and	

motorway	environments.	In	total,	six	driving	scenarios	were	completed	by	each	

participant,	of	which	three	were	in	urban	(labelled	as	U0,	U1,	and	U2)	and	other	

three	were	in	motorway	environments	(labelled	as	M0,	M1,	and	M2).	

	

	

Figure	27.	Driving	scenario	diagram.	

	

All	participants	were	asked	to	drive	the	simulator	vehicle	as	well	as	engage	

in	automated	mode	while	completing	a	workload	inducing	secondary	task	that	is,	

a	visual	prompt-verbal	response	“N-Back”	test	(see	Chapter	3).	An	impact	of	visual	

and	 cognitive	 workload	 on	 drivers’	 ability	 to	 adequately	 transition	 between	

automated	and	manual	driving	was	assessed	using	both	driver	state	and	driving	

performance	indicators.		

Moreover,	 the	 significance	 of	 induced	workload	was	 assessed	 using	 the	

Driving	 Activity	 Load	 Index	 (DALI)	 (see	 Chapter	 3),	 a	 method	 to	 measure	

subjective	workload	(Pauzié,	2008).	

To	address	 the	knowledge	gaps	 in	 the	 literature	(see	Submission	5),	 the	

following	hypotheses	were	formulated:	

I. The	level	of	workload	can	be	reliably	estimated	using	objective	driver	state	

indicators	during	the	automated	driving	period;	
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II. A	 significant	 variation	 in	 cognitive	 and	 visual	 workload	 will	 cause	

significant	 impairment	 in	 driving	 performance	 after	 a	 successful	

automated	to	manual	control	take-over;	

III. A	 significant	 variation	 in	 cognitive	 and	 visual	 workload	 will	 cause	

significantly	different	responses	in	objective	driver	state	indicators	during	

the	automated	driving,	during	the	transition	of	control	period,	and	during	

the	manual	driving	period	that	follows;	

IV. The	time	it	takes	for	driving	performance	to	stabilise	following	a	successful	

control	take-over	will	be	impacted	by	the	amount	of	workload,	experienced	

during	the	automated	driving	period;	

V. The	time	it	takes	for	drivers’	state	to	stabilise	following	a	successful	control	

take-over	will	be	impacted	by	the	amount	of	workload,	experienced	during	

the	automated	driving	period;	

7.4 Key	Findings	and	Discussion	

The	original	sample	of	42	participant	was	reduced	due	to	four	exclusions	–	

three	 exclusions	 due	 to	 technical	 reasons	 and	 one	 exclusion	 due	 to	 simulator	

sickness.	 Hence,	 the	 data	 analysis	 was	 performed	 using	 data	 sample	 of	 38	

participants	of	mixed	gender	and	age	(Mean	=	33.5,	SD	=	8.372).		

When	it	comes	to	recalling	numbers	during	the	N-Back	task	(see	Figure	

27),	participants	were	skipping	more	recalls	and	were	prone	to	make	more	recall	

errors	due	to	rising	level	of	N-Back-induced	workload	(see	Figure	28).	

	

	

Figure	28:	N-Back	task	percentage	of	errors	and	no	responses	from	the	total	number	of	
responses.	M0,	M1,	and	M2	categories	refer	to	automated	driving	in	the	motorway	environment	
while	performing	N-Back	task	at	levels	from	0	to	2.	U0,	U1,	and	U2	categories	refer	to	automated	

driving	in	the	urban	environment	while	performing	N-Back	task	at	levels	from	0	to	2.		
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This	 increase	 of	 N-Back	 complexity	 was	 recorded	 in	 DALI	 responses.	

Overall,	subjective	workload	was	found	to	be	significantly	affected	by	various	N-

Back	complexities	(see	Figure	29).	Given	the	non-parametric	nature	of	the	DALI	

scores,	 they	 were	 further	 analysed	 using	 independent-samples	 Kruskal-Wallis	

test.	The	test	revealed	significant	statistical	score	difference	across	scenarios	in	

almost	all	DALI	subcategories	as	well	as	the	overall	DALI	scores	(see	Figure	30	

and	Table	10).	

	

	

Figure	29.	Median	DALI	overall	scores,	categorised	by	scenario	type.	M0,	M1,	and	M2	categories	
refer	to	automated	driving	in	the	motorway	environment	while	performing	N-Back	task	at	levels	
from	0	to	2.	U0,	U1,	and	U2	categories	refer	to	automated	driving	in	the	urban	environment	while	

performing	N-Back	task	at	levels	from	0	to	2.	

	

	 	 	

	 	 	

Figure	30.	Median	DALI	scores,	split	into	effort	of	attention	(top	left),	visual	demand	(top	
middle),	auditory	demand	(top	right),	temporal	demand	(bottom	left),	interference	(bottom	
middle),	and	situational	stress	(bottom	right),	categorised	by	scenario	type.	M0,	M1,	and	M2	
categories	refer	to	automated	driving	in	the	motorway	environment	while	performing	N-Back	
task	at	levels	from	0	to	2.	U0,	U1,	and	U2	categories	refer	to	automated	driving	in	the	urban	

environment	while	performing	N-Back	task	at	levels	from	0	to	2.	
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Table	10.	Kruskal-Wallis	H	and	significance	statistics	for	DALI	scores.	*	=	p<0.05,	**	=	p<0.01,	***	
=	p<0.001,	no	asterisk	=	insignificant	result.	The	cell	color-coding	can	be	interpreted	as	green	=	
significant	result	and	orange	=	insignificant	result.	
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Motorway	 12.122**	 17.929***	 6.408*	 5.351	 7.721*	 6.772*	 9.854**	

	

It	was	 found	 that	heart	 rate	 (represented	using	RR	 inter-beat-intervals)	

significantly	increases	following	an	increase	of	workload	(measured	subjectively)	

in	 the	 urban	 environment	 (repeated	 measure	 ANOVA,	 Wilks’	 Lambda=0.778,	

p<0.05).	In	addition,	a	steady	increase	of	heart	rate	following	an	increase	of	task	

complexity	 was	 observed.	 Although,	 post-hoc	 pairwise	 comparison	 with	

Bonferroni	 correction	 only	 revealed	 significant	 difference	 between	 U0	 and	 U2	

(p<0.05).	Previously,	an	 increase	of	heart	rate	was	 found	to	be	associated	with	

elevated	cognitive	workload	(Brookhuis	and	de	Waard,	2010).	However,	the	Heart	

Rate	Variability	(HRV)	measures	were	not	found	to	be	responsive	to	workload	N-

Back-induced	workload	during	the	automated	driving	section.	Specifically,	it	was	

found	that	RMSSD	measures	of	10	seconds’	moving	window	(repeated	measure	

ANOVA,	 Wilks’	 Lambda=0.918,	 p>0.05)	 is	 insignificantly	 affected	 by	 workload	

changes	 in	the	urban	environment,	despite	the	 fact	 that	 the	 lowest	RMSSD	was	

detected	during	the	highest	complexity	task	(see	Figure	31).	Therefore,	it	can	be	

concluded	that	heart	rate	responses,	which	are	captured	using	CEDs,	can	be	used	

to	 evaluate	 level	 of	 workload	 drivers	 are	 exposed	 to	 during	 the	 periods	 of	

automated	 driving.	 Whereas,	 time-domain	 HRV	 captured	 by	 means	 of	 CEDs	

sometimes	does	not	correspond	to	changes	in	drivers’	workload.	
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Figure	31.	Mean	RMSSD	of	10	seconds’	moving	window,	measured	in	milliseconds,	categorised	
by	various	scenario	sections.	Error	bars	represent	standard	errors.	

	

Both	 Galvanic	 Skin	 Response	 (GSR)	 (repeated	 measure	 ANOVA,	 Wilks’	

Lambda=0.933,	 p>0.05)	 and	 Peripheral	 Skin	 Temperature	 (PST)	 (repeated	

measure	 ANOVA,	 Wilks’	 Lambda=0.992,	 p>0.05)	 measures	 were	 found	 to	 be	

insignificantly	different	across	scenario	sections.	Previous	research	suggests	that	

GSR	tends	to	increase	due	to	increase	in	distress	in	the	driving	context	(Healey	

and	Picard,	2005).	Despite	 the	 fact	 that	GSR	and	PST	 responses	were	 found	 to	

insignificantly	 differ	 during	 administered	 N-Back	 tasks	 during	 the	 automated	

driving	section,	some	linear	patters	were	observed.	It	is	likely	that	GSR	and	PST	

responses	 were	 affected	 by	 linearity.	 Generally,	 all	 participants	 experienced	

monotonic	increase	of	GSR	and	monotonic	decrease	of	PST	as	driving	experiment	

progressed.	

Furthermore,	 all	 emotional	 responses	 were	 found	 to	 be	 affected	 by	

cognitive	 load	 induced	 by	 various	N-Back	 complexities	 during	 the	 “Transition”	

and	“Manual”	scenario	sections	(see	Table	11).	Furthermore,	joy	was	found	to	be	

the	most	active	during	the	control	transition	period	following	the	N-Back	1	task	in	

both	urban	and	motorway	environments.	This	could	be	an	 indicator	of	drivers’	

comfort	 due	 to	 optimal	 workload	 level.	 This	 is	 complemented	 by	 the	 valence	

indicator	 which	 showed	 that	 emotional	 responses	 following	 an	 N-Back	 1	 task	
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were	 generally	 more	 positive.	 However,	 emotional	 responses	 are	 open	 to	

interpretation	and	cannot	be	reliably	linked	to	workload.		

	

Table	11.	Mean	and	ANOVA	significance	 statistics	 for	 emotions.	 *	=	p<0.05,	 **	=	p<0.01,	 ***	=	
p<0.001,	 no	 asterisk	=	 insignificant	 result.	 The	 cell	 color-coding	 can	be	 interpreted	 as	 green	=	
significant	result	and	orange	=	insignificant	result.	

Sc
en
ar
io
	

se
ct
io
n	

En
vi
ro
nm

en
t	

An
ge
r	

Co
nt
em
pt
	

Di
sg
us
t	

Fe
ar
	

Jo
y	

Sa
dn
es
s	

Su
rp
ri
se
	

Transition	 Urban	 0.268	 5.387***	 3.184***	 0.208***	 2.493***	 0.14	 2.797***	
	 Motorway	 0.072	 5.472***	 2.563	 0.124	*	 1.378***	 0.391**	 2.982***	
Manual	 Urban	 0.108*	 4.045***	 2.008***	 0.184***	 0.938***	 0.201***	 2.261**	
	 Motorway	 0.361***	 4.398**	 2.495***	 0.077***	 0.154***	 0.546***	 1.67***	

	

To	 further	deepen	an	understanding	of	drivers’	 state	during	 the	manual	

driving	period,	some	of	the	physiological	and	driving	performance	indicators	were	

binned	 into	 second-long	 intervals	 for	 the	 whole	 duration	 of	 manual	 driving	

section	i.e.,	60	seconds.	This	allowed	to	visualise	an	extent	of	signal	changes	and	

determine	their	stabilisation	times	using	the	method	described	in	Chapter	3.			

The	mean	heart	rate	responses	were	analysed	first	using	this	new	method	

to	 determine	 stabilisation.	 It	 was	 found	 that	 a	 distinct	 raising	 linear	 trend	 is	

present	at	the	beginning	of	manual	driving	period.	Using	the	proposed	method	for	

deriving	stabilisation	time	of	a	signal,	 it	was	found	that,	on	average,	 it	 takes	20	

seconds	for	heart	rate	to	stabilise	after	manual	control	of	a	vehicle	is	taken	over	

(see	Figure	32).	Moreover,	it	was	found	that	stabilisation	time	tends	to	decrease	

following	 an	 increase	 in	workload	 prior	 to	 control	 transition	 in	 the	motorway	

environment	(see	Table	12).	
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Figure	32.	Cumulative	mean	heart	rate	(left),	binned	into	one-second	periods	for	the	duration	of	
manual	driving.	Error	bars	represent	standard	errors.	The	right	graph	represents	stabilisation	

time	of	heart	rate.	

	

Table	12.	Stabilisation	times	for	RR,	based	on	the	best	linear	model	fit,	categorised	by	scenario	
type.	

Measure	 Overall	 U0	 U1	 U2	 M0	 M1	 M2	

RR	 20	s	 23	s	 36	s	 15	s	 23	s	 18	s	 16	s	

	

The	same	stabilisation	method	was	applied	to	analyse	time-domain	HRV	

measures	 for	 individual	 scenario	 types	 over	 the	 period	 of	manual	 driving	 (see	

Figure	33).	Interestingly,	a	distinct	pattern	can	be	seen	in	the	HRV	signal	for	the	

first	5	seconds	of	manual	driving	i.e.,	the	HRV	remains	higher	after	engaging	in	a	

low	complexity	task	in	both	urban	and	motorway	driving	scenarios.	

	

	 	
Figure	33.	Mean	RMSSD	of	10	seconds’	moving	window	(left),	binned	into	one-second	periods	
for	the	duration	of	manual	driving,	categorised	by	environment	and	difficulty	of	N-Back	test.	The	
right	graph	represents	stabilisation	time	of	RMSSD	of	10	seconds’	moving	window,	categorised	

by	environment	and	difficulty	of	N-Back	test.	
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Table	13.	Stabilisation	times	for	HRV	measures,	based	on	the	best	linear	model	fit,	categorised	by	
scenario	type.	

Measure	 Overall	 U0	 U1	 U2	 M0	 M1	 M2	

RMSSD	 23	s	 28	s	 29	s	 17	s	 23	s	 19	s	 21	s	
p50NN	 23	s	 34	s	 -	 16	s	 23	s	 19	s	 22	s	

	

The	driving	performance	was	also	affected	by	the	differences	in	workload	

in	 the	 automated	 driving	 period	 which	 was	 simulated	 by	 means	 of	 N-Back	

complexity.	It	should	be	noted	that	driving	performance	was	only	analysed	in	the	

context	of	motorway	driving.	The	mean	speed	(repeated	measure	ANOVA,	Wilks’	

Lambda=0.897,	p>0.05)	and	range,	a	straight-line	distance	between	two	vehicles	

(SAE	 International,	 2013a),	 (repeated	 measure	 ANOVA,	Wilks’	 Lambda=0.907,	

p>0.05)	measures	were	both	found	to	be	insignificantly	affected	by	the	variation	

of	workload	during	the	“AI”,	automated	driving	sections.	However,	the	speed	was	

found	to	increase,	and	range	was	found	to	decrease	following	the	higher	workload	

in	the	“AI”	sections	(see	Figure	34).		

	

	 	
	

Figure	34.	Mean	speed	(left)	and	range	(right),	measured	in	mph	and	meters	respectively,	during	
manual	driving	in	the	motorway	environment,	categorised	by	difficulty	of	N-Back	test.	Error	bars	

represent	standard	errors.	

	

The	 lateral	driving	performance	measures	were	also	analysed	 including,	

steering	angle,	lane	position	and	standard	deviation	of	lane	position.	Furthermore,	

it	was	found	that	the	mean	lane	position	is	significantly	affected	by	the	variation	

of	workload	during	 the	 “AI”	 sections.	 Specifically,	 it	was	 found	 to	decrease	 i.e.,	
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driving	closer	to	the	centre	of	the	lane,	after	experiencing	high	workload	in	the	

“AI”	section	(see	Figure	35).	

	

	 	
Figure	35.	Mean	(left)	and	std.	deviation	(right)	of	lane	position,	measured	in	meters,	during	

manual	driving	in	the	motorway	environment,	categorised	by	difficulty	of	N-Back	test.	Error	bars	
represent	standard	errors.		

	

Similarly,	 standard	 deviation	 of	 lane	 position	 was	 found	 to	 increase	

following	an	increase	of	prior	workload	in	the	“AI”	period	i.e.,	 lane	position	has	

deviated	 by	 more	 than	 40	 millimetres	 between	 M2	 and	 M0	 scenarios.	 The	

stabilisation	times	for	mean	lane	position	(see	Figure	36)	and	standard	deviation	

of	lane	position	were	also	derived.	It	was	found	that	time	it	takes	for	lane	position	

and	standard	deviation	of	lane	position	to	stabilise	increases	following	an	increase	

of	prior	workload	in	the	“AI”	period	(see	Table	14).	

	

	 	
Figure	36.	Mean	lane	position	(left),	measured	in	meters,	binned	into	one-second	periods	for	the	
duration	of	manual	driving	in	the	motorway	environment,	categorised	by	difficulty	of	N-Back	

test.	Error	bars	represent	standard	errors.	The	right	graph	represents	stabilisation	time	of	mean	
lane	position.	
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Table	14.	Stabilisation	times	for	lateral	driving	performance	measures,	based	on	the	best	linear	
model	fit,	categorised	by	scenario	type.	

Measure	 M0	 M1	 M2	

Lane	position	 13	s	 17	s	 22	s	
Std.	deviation	of	lane	position	 Under	5	s	 Under	5	s	 10	s	

	

7.5 Conclusion	

The	study	results	suggest	that	nonoptimal	 levels	of	workload	during	the	

automated	driving	conditions	could	 impair	driving	performance,	especially,	 the	

lateral	 control.	 Furthermore,	 it	 was	 demonstrated	 that	 level	 of	 workload	 can	

impact	 the	 severity	 and	 duration	 of	 driving	 performance	 impairment.	 For	

instance,	mean	and	standard	deviation	of	lane	position	impairments	were	found	

to	 last	 longer	 following	 a	 higher	 level	 of	workload	 during	 over	 the	 automated	

driving	period.	Finally,	it	was	demonstrated	how	workload	level	can	be	objectively	

estimated	using	the	physiological	measures,	captured	by	means	consumer	grade	

electronic	devices.	The	study	also	discussed	the	impact	key	findings	may	have	on	

the	design	of	SAE	Level	3	systems.	Firstly,	it	improves	and	expands	upon	previous	

research	by	demonstrating	 impact	on	driver	state	measures	as	well	as	ensures	

more	control	when	it	comes	to	the	induction	of	workload	onto	drivers	during	the	

period	of	automated	driving	i.e.,	a	widely	used	N-Back	task	was	adopted.	Secondly,	

the	detailed	insights	on	how	various	levels	of	workload	may	impact	drivers’	ability	

to	 take	 over	 control	 and	 continue	 manual	 driving	 thereafter	 were	 presented.	

Finally,	 it	 was	 emphasised	 that	 an	 SAE	 Level	 3	 vehicle,	 which	 is	 capable	 of	

measuring	 level	 of	 workload	 in	 real	 time,	 could	 potentially	 estimate	 extent	 of	

driving	performance	impairment	after	control	of	the	vehicle	was	taken-over.	
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8 Development	of	the	Mobile	Driver	State	Monitoring	
Toolkit	

This	 chapter	 outlines	 the	 development	 process	 of	 a	mobile	 driver	 state	

monitoring	toolkit	prototype.	The	toolkit	was	briefly	introduced	in	the	previous	

chapters.	However,	this	section	specifically	presents	motivation	for	the	in-house	

development	and	detailed	prototype	design	reasoning.	The	following	chapter	is	

not	based	on	an	EngD	portfolio	submission	and	is	presented	for	the	first	time	in	

the	Innovation	Report.	

8.1 Motivation	

The	decision	to	develop	an	in-house	mobile	driver	state	monitoring	toolkit	

was	primarily	motivated	by	 the	need	 for	a	 flexible	and	extendable	driver	 state	

related	data	collection	platform.	Moreover,	in	the	early	stage	of	this	EngD	project	

it	became	clear	that	the	sponsoring	company	i.e.,	Jaguar	Land	Rover,	does	not	have	

a	 standardised	 procedure	 for	 handling	 driver-state-related	 data	 such	 as,	

physiological,	emotional,	and	eye	glance	measurements.	This	was	apparent	both	

within	the	available	reports	and	from	discussions	with	the	sponsoring	company.	

Numerous	studies	adopt	various	independent	data	storage	solutions	i.e.,	data	was	

typically	stored	in	the	raw	format	using	comma-separated	files.	In	addition,	it	was	

emphasised	that	plethora	of	physiological	data,	which	is	often	generated	as	part	

of	 JLR	 internal	 human	 factors	 studies,	 is	 stored	 in	 a	non-synchronised	manner	

which,	 in	 turn,	 makes	 the	 process	 of	 data	 analysis	 more	 difficult	 and	 time-

consuming	 due	 to	 variable	 signal	 frequencies	 and	 differences	 in	 timestamp	

formats.	 The	 need	 for	 such	 a	 toolkit	 was	 later	 echoed	 by	 the	 colleagues	 in	

academia.	For	instance,	at	the	IEEE	Intelligent	Vehicles	symposium	2016	and	2017	

the	toolkit	was	briefly	introduced	and	demoed.	It	attracted	interest	of	researchers	

from	various	institutions	and	organisations	such	as,	Stanford	University	and	Intel	

Inc.	They	acknowledge	an	importance	of	this	work	and	suggested	to	open	source	

the	 toolkit	 in	order	 to	 allow	other	 researchers	 to	 incorporate	 it	 in	 their	 future	

human	factors	research.	

There	are	 few	commercial	 software	solutions	on	 the	market	 that	aim	 to	

solve	this	 issue.	For	instance,	companies	such	as	iMotions	Biometrics	(iMotions	
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Inc,	2018),	Ergoneers	Behavioural	Research	(Ergoneers	GmbH,	2018),	and	Biopac	

Systems	(BIOPAC	Systems	Inc,	2018)	offer	software	packages	to	assist	driver	state	

related	data	collection,	storage,	and	synchronisation.	The	companies	offer	 their	

products	 through	multilevel	 licencing	 that	 is,	 support	 for	each	new	device	or	a	

module	 requires	 a	 separate	 licence	 on	 top	 of	 the	 core	 annual	 licence	 fee.	 This	

business	model	is	unlikely	to	be	viable	for	the	small-scale	driver	state	monitoring	

studies,	 primarily	 due	 to	 the	 licencing	 fee	 structure.	 Such	 studies	 often	 adopt	

multiple	devices	for	the	purpose	of	reliable	monitoring	of	drivers’	state	e.g.,	heart	

monitors,	perspiration	monitors,	temperature	sensors,	and	eye	trackers.	Each	of	

these	devices	could	potentially	require	a	separate	licence	and	its	support	cannot	

be	guaranteed.	This,	in	turn,	may	lead	to	the	annual	licencing	fees	way	exceeding	

budgets	of	a	small-scale	user	trial.	Moreover,	given	the	proprietary	nature	of	the	

existing	commercial	software	solutions,	it	could	be	difficult	to	customise	their	key	

functionality	or	request	support	for	new	sensors	without	incurring	additional	cost	

and	delay	in	development	time.	

Thus,	it	was	decided	to	initiate	an	in-house	development	of	a	mobile	driver	

state	monitoring	toolkit	in	order	to	gain	full	control	over	its	functionality	and	gain	

the	benefits	of	mobile	platform	portability	(see	Figure	37).	Also,	the	toolkit	was	

later	 extended	 to	 support	wireless	 connectivity	 between	 the	 actual	 toolkit	 and	

WMG’s	 3xD	 simulator,	 in	 order	 to	 log	 simulator	 data.	 It	 is	 likely	 that	 such	

functionality	 would	 require	 substantial	 fee	 if	 requested	 from	 iMotions	 of	

Ergoneers.	

	

	 	 	 	

Figure	37.	Mobile	Driver	State	Monitoring	toolkit.	
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8.2 Design	of	the	toolkit	

Given	 the	 author’s	 pre-existing	 Java	 programming	 ability,	 the	 toolkit	

application	was	solely	developed	for	the	Android	mobile	operating	system.	Thus,	

the	toolkit	can	be	installed	onto	the	majority	of	Android	smartphones	and	tablets	

which	 enables	 high	 portability	 during	 the	 driving	 simulator	 studies.	 In	 fact,	

throughout	this	EngD	the	toolkit	was	successfully	used	in	two	driving	simulator	

studies	using	two	devices	namely,	Samsung	Galaxy	S7	Edge	and	Samsung	Galaxy	

S9	Plus.		

Development	of	the	toolkit	begun	along	with	preparations	for	the	second	

driving	simulator	user	trial	(see	Chapter	5)	and	continued	until	the	late	stages	of	

this	EngD	project.	An	agile	 feature-driven	development	process	was	adopted	in	

this	 instance	 in	 order	 to	 ensure	 short-iteration	deliveries	 (Palmer	 and	 Felsing,	

2002).	 The	 final	 version	 of	 the	 toolkit	 incorporates	 a	 mixture	 of	 driver	 state	

metrics	captured	from	a	CED-based	sensory	network	e.g.,	a	chest	heart	monitor	

and	 a	wrist-worn	 device.	 It	 facilitates	 collection,	 storage,	 synchronisation,	 and	

filtering	 as	well	 as	 calculation	 of	 some	 data	 derivatives	 e.g.,	 time-domain	HRV	

indicators	(see	Figure	38).	

	

	

Figure	38.	WMG	DSM	Toolkit	data	flow	diagram.	
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8.2.1 Data	collection	

The	collection	of	data	relied	on	wireless	connectivity	entirely	in	order	to	

minimise	obstruction	and	ensure	high	portability	of	the	system.	To	facilitate	this,	

the	Low	Energy	Bluetooth	(BLE)	wireless	personal	area	network	technology	was	

adopted.	The	BLE	allows	connecting	multiple	clients	i.e.,	external	sensors	or	other	

modules,	 to	 a	 server	 i.e.,	 the	 mobile	 DSM	 toolkit.	 During	 the	 last	 study,	 three	

Bluetooth	devices	were	linked	to	the	toolkit	simultaneously	including,	Polar	H10	

chest	heart	monitor	(Polar	Electro,	2018),	Empatica	E4	wristband	(Empatica	Inc.,	

2015),	and	Raspberry	Pi	3	Model	B	(Raspberry	Pi	Foundation,	2018).	

8.2.2 Signal	filtering	and	calculation	

Some	 of	 the	 physiological	 indicators,	 that	 are	 prone	 to	 measurement	

artefacts,	were	pre-filtered	prior	 to	 storing	 them.	 For	 instance,	 raw	 inter-beat-

intervals,	measured	by	 a	 chest	 heart	monitoring,	 had	 to	be	 filtered	 in	 order	 to	

address	the	issues	of	false	detections,	missed	detections,	or	phenomenon	known	

as	 ectopic	 beat.	 Moreover,	 some	 additional	 signal	 derivatives	 were	 calculated	

during	this	step.	For	instance,	the	onboard	Heart	Rate	Variability	calculations	(see	

Chapter	 3),	 in	 the	 form	 of	 RMSSD	 of	 two	 different	 moving	 windows,	 were	

performed	 by	 the	 toolkit.	 The	 methods	 of	 filtering	 inter-beat-intervals	 and	

calculating	RMSSD	were	previously	described	in	the	methodology	section	of	this	

document.		

8.2.3 Data	synchronisation	

The	data	synchronisation	was	performed	using	the	fitting	method	that	is,	

all	the	incoming	signals	were	fitted	to	the	highest	frequency	signal.	For	instance,	

given	that	the	highest	frequency	on	the	bus	is	stored	at	the	64	Hz,	a	4	Hz	signal	

will	 be	 written	 four	 times	 per	 second	 following	 a	 16	 write	 loops	 delay.	 This	

ensures	data	consistency	since	all	the	captured	signals	end	up	sharing	the	same	

timestamp.	

8.2.4 Data	storage	and	export	

The	 toolkit	 stores	 all	 the	 generated	 data	 in	 the	 smartphone’s	 internal	

relational	SQL	database.	The	writing	data	rate	is	determined	by	an	incoming	signal	

of	the	highest	frequency.	For	instance,	in	all	driving	simulator	studies	throughout	

this	 EngD,	 data	 was	 stored	 at	 64	 Hz,	 which	 was	 the	 highest-frequency	
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physiological	signal,	generated	by	the	Empatica	E4	wrist-worn	device.	A	trigger	

that	informs	availability	of	new	highest	frequency	data	point	initiates	the	database	

write	 function.	 This	 function	 also	 checks	 whether	 any	 other	 signals	 of	 lower	

frequency	were	updated.	If	so,	those	signals	get	written	into	the	database	and	their	

trigger	gets	set	back	to	false	state.	

There	is	also	a	function	which	allows	extraction	of	data	from	each	session	

into	a	comma-separated	 file	 (.csv)	which,	subsequently,	can	be	 imported	 into	a	

statistics	software	package	of	choice	for	further	analysis	(see	Figure	39).	The	total	

number	of	data	columns	was	145.	

	

	

Figure	39.	Example	of	data	file	extracted	from	WMG	DSM	Toolkit.	

	

8.2.5 Internal	modules	

In	 addition,	 support	 for	 few	 internal	modules	was	 added	 to	 the	 toolkit.	

Most	importantly,	a	wireless	communication	link	was	established	between	WMG’s	

3xD	simulator	and	the	toolkit	(see	Figure	40).	To	facilitate	this,	some	additional	

Python	 software	 was	 developed	 for	 the	 Raspberry	 Pi	 3	 Model	 B	 module	

(Raspberry	 Pi	 Foundation,	 2018),	 which	 acted	 as	 a	 communication	 hub	 (see	

Submission	5).	
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Figure	40.	Communication	diagram	between	the	WMG	DSM	Toolkit	and	3xD	simulator	with	
Raspberry	Pi	acting	as	a	hub.	

	

This	functionality	allowed	to	design	a	study	that	would	mimic	SAE	Level	3	

transition	of	control	scenarios	(SAE	International,	2013b).	For	instance,	it	allowed	

the	 visualisation	 of	 various	 HMIs	 based	 on	 the	 state	 of	 a	 driving	 simulator	

scenario.	In	the	latest	user	trial,	the	following	use	cases	were	implemented:		take-

over	message	was	presented	on	the	phone’s	screen	when	a	particular	trigger	was	

activated	in	the	driving	scenario;	also,	a	command	to	transition	from	automated	

to	manual	driving	was	issued	from	the	toolkit	following	a	ten	seconds’	delay	(see	

Figure	37).	

Furthermore,	an	internal	module	was	developed	to	facilitate	detection	of	

drivers’	emotional	state,	as	described	in	Chapters	2	and	5	(see	Figure	37).	For	this	

purpose,	 Affdex	 Affectiva	 was	 embedded	 into	 the	 toolkit	 using	 the	 Software	

Development	Kit	(SDK),	provided	by	the	company	(Affectiva	Inc.,	2015).	It	should	

be	noted	that	a	smartphone	with	the	preinstalled	toolkit	was	mounted	inside	the	

simulator	vehicle,	directly	facing	a	participant	during	the	last	two	user	trials.	Thus,	

smartphone’s	 front	 camera	 feed	was	used	 for	 facial	 expression	detection	using	

Affectiva.	

Finally,	 the	 last	 driving	 simulator	 user	 trial	 required	 a	 well-controlled	

workload	induction	method	(see	Submission	5).	For	this	task	an	N-Back	test	was	

used	(see	Chapter	3)	(Mehler	et	al.,	2009).	The	test	was	fully	implemented	within	

WMG	 DSM	 Toolkit.	 All	 the	 appropriate	 auditory	 and	 visual	 command	 were	

presented	on	the	smartphone’s	screen	(see	Figure	37).	It	is	also	important	to	note	

that	 this	 feature	 was	 used	 in	 conjunction	 with	 wireless	 communication	 link	

between	WMG’s	3xD	 simulator	 and	 the	 toolkit.	 This	 allowed	 to	 initiate	N-Back	

tests	through	an	on-road	trigger	which	was	embedded	into	the	driving	scenarios.	

The	option	to	log	driving	performance	data	from	the	simulator	via	Hardware	in	

the	Loop	(HIL)	client	was	also	added.	
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8.3 Conclusion	

This	 chapter	 outlined	 the	 development	 process	 of	 a	mobile	 driver	 state	

monitoring	toolkit	prototype,	presented	motivation	for	the	in-house	development,	

and	provided	detailed	prototype	design	reasoning.	The	toolkit	can	be	deemed	as	

innovative,	 given	 its	 flexibility,	 unique	 functionality,	 and	 cost-efficiency.	This	 is	

further	confirmed	by	the	willingness	of	engineers	within	industry	and	academia	

to	adopt	this	toolkit	in	the	human	factors	experimentation.	
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9 Discussion	

This	chapter	is	a	cumulative	reflective	discussion	of	the	key	findings	that	

were	generated	throughout	this	EngD	programme.	Moreover,	the	chapter	defines	

innovation	outcomes,	knowledge	generated,	impact	for	the	sponsoring	company,	

broader	 applicability,	 strengths	 and	 weaknesses	 as	 well	 as	 opportunities	 for	

future	research.	

9.1 Key	findings	and	Contribution	to	Innovation	

The	importance	of	Driver	State	Monitoring	(DSM)	integration	into	a	vehicle	

has	 been	 widely	 emphasised	 by	 the	 human	 factors	 research	 community	

(Brookhuis	and	de	Waard,	1993;	Healey	and	Picard,	2005;	Dong	et	al.,	2011;	Barua,	

2015).	Moreover,	Euro	NCAP	(2017),	in	their	‘In	Pursuit	of	Vision	Zero’	roadmap,	

have	 emphasised	 the	 need	 for	 a	 system	which	 can	 detect	whether	 drivers	 are	

distracted,	 fatigued,	 or	 experience	 abnormal	 levels	 of	 workload	 in	 real-time.	

Furthermore,	 transportation	 consultancy	 firm	 Frost	 &	 Sullivan	 forecasted	 that	

DSM	is	expected	to	become	a	standard	passenger	car	 feature	by	2025	(Frost	&	

Sullivan,	2015).		

However,	 the	 automakers	 have	 to	 first	 validate	 and	 test	 the	 latest	 DSM	

innovations	prior	to	 introducing	them	to	the	market.	Some	attempts	have	been	

made	to	integrate	some	elements	of	DSM	into	existing	vehicles;	mostly	consisting	

of	 image-based	 processing	 devices	 for	 visual	 distraction	 and	 fatigue	 level	

estimation.	The	seeming	delay	in	introducing	more	advanced	DSM	may	be	caused	

by	 the	 high	 integration	 cost	 of	 new	 technology	 into	 an	 automobile	 and	 other	

barriers	of	introduction	e.g.,	acceptance	and	usability.	Nevertheless,	the	research	

community	 continues	 to	 innovate	 DSM.	 An	 emerging	 field	 of	 research,	 which	

research	presented	in	this	doctorate	has	contributed	knowledge	within,	aims	to	

adopt	advances	 in	Consumer	Electronic	Devices’	 (CED)	sensory	technology	e.g.,	

smartphones	and	wearables	capable	of	physiological	and	emotional	assessment,	

for	the	purpose	of	DSM.	Hence,	CEDs	are	an	enabler	for	the	concept	of	hybrid	DSM	

introduced	 within	 this	 Innovation	 Report,	 which	 advocates	 in	 favour	 of	

comprehensive	sensory	network	 for	enhanced	validity	and	reliability	of	driver-

state-related	 data	 (Dong	 et	 al.,	 2011;	 Barua,	 2015).	 Furthermore,	 CEDs	 may	
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accelerate	integration	of	DSM	into	the	vehicle	due	to	their	easiness	of	use,	rapid	

updatability,	and	cost-efficiency.	

9.1.1 The	Hybrid	DSM	Model	

The	 first	 key	 finding	was	produced	as	part	of	 the	 literature	 review	 (see	

Submission	1)	which	brought	together	multiple	academic	and	industry	research	

sources	to	present	innovative	methodologies	for	the	assessment	of	driver	state,	

driving	 context,	 and	performance	by	means	of	 technology	within	a	vehicle	and	

CEDs.	As	part	of	the	literature	review,	a	model	of	hybrid	DSM	was	proposed	by	the	

author	of	this	research	(see	Figure	3).	Over	the	course	of	this	EngD,	the	model	has	

evolved	into	the	final	model	presented,	by	acknowledging	some	specific	barriers	

of	DSM	 introduction	 into	 the	 automotive	 domain	 e.g.,	 acceptance	 and	 usability	

(see	Figure	4).	The	proposed	model	incorporates	technology	within	a	vehicle	e.g.,	

sensors	embedded	 into	a	 steering	wheel,	 seatbelt,	 or	driver’s	 seat,	 and	various	

brought-in	devices	e.g.,	 smartphones	and	wearables,	 for	objective	evaluation	of	

drivers’	state	by	means	of	physiological	and	emotional	indicators.	In	the	scope	of	

this	EngD,	only	the	CEDs’	feasibility	to	reliably	evaluate	drivers’	state	was	studied.	

This	 approach	 could	provide	 some	advantages	over	 the	DSM	 that	 solely	

relies	on	in-vehicle	embedded	sensors.	By	adding	support	to	CED-enabled	DSM,	

the	 drivers’	 state	 could	 be	 evaluated	 outside	 of	 a	 driving	 loop,	 hence,	 pre-

determine	drivers’	fitness	to	perform	the	primary	task	of	driving.	For	instance,	if	

severe	 fatigue	or	stress	 is	detected	prior	 to	a	driving	activity,	 the	vehicle	could	

force	 automated	 driving	 in	 order	 to	 minimise	 possibility	 of	 human	 error	

occurrence.	Moreover,	the	CEDs	could	enabled	cost-effective	DSM	which	can	be	

integrated	into	the	existing	vehicle	application	platform.	However,	before	those	

advantages	can	be	demonstrated,	the	capabilities	of	CEDs	need	to	be	understood.	

Developing	and	evaluating	an	integrated	CED-based	DSM	system	was	the	principal	

aim	of	this	doctorate.	

It	should	be	noted	that	an	integration	of	CEDs	for	the	purpose	of	DSM	into	

the	 vehicle	 is	 not	 argued	 to	 be	 superior	 to	 an	 in-vehicle-embedded	 sensory	

network.	Instead,	it	would	be	beneficial	for	two	methods	to	coexist	for	enhanced	

validity	and	reliability	of	driver-state-related	data.	This	idea	is	novel	in	itself	since	

the	majority	of	publications	claim	that	their	proposed	method	of	DSM	is	superior	

to	others	and,	therefore,	should	be	prioritised.	
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9.1.2 DSM	and	User-Centered	Design	Principles	

It	 was	 previously	 emphasised	 that	 adoption	 of	 user-centered	 design	

principles	could	promote	future	uptake	of	in-vehicle	systems	(Regan	et	al.,	2002;	

Najm	et	al.,	2006;	BSI,	2010).	Thus,	the	acceptance	criteria	and	usability	goals	of	a	

hybrid	DSM	system	were	identified	(see	Submission	4).	To	appraise	acceptance,	

the	 Unified	 Theory	 of	 Acceptance	 and	 Use	 of	 Technology	 (UTAUT)	model	was	

selected	and	adapted	(Venkatesh	et	al.,	2003).	It	allowed	to	categorise	and	study	

DSM	 technology	 acceptance	 in	 the	 following	 terms:	 performance	 expectancy,	

effort	expectancy,	attitude	towards	using	technology,	social	influence,	anxiety,	and	

behavioural	 intention.	 It	 was	 found	 that	 social	 influence	 is	 a	 significant	 factor	

affecting	 drivers’	 behaviour	 intention	 to	 use	 a	 hybrid	 DSM	 system	 in	 the	 near	

future.	 According	 to	 Adell,	 Varhelyi	 and	 Nilsson	 (2014),	 driving	 demands	

interactions	with	other	road	users	and	 is,	 therefore,	by	 its	nature	a	 task	with	a	

strong	social	dimension.	This	could	be	a	reason	why	only	social	influence	factor	

revealed	 significant	 positive	 effect	 on	 behavioural	 intention	 to	 use	 DSM	

technology.	 Thus,	 drivers’	 intention	 to	 use	 a	 DSM	 system	 could	 be	 potentially	

promoted	through	endorsement	by	important	others,	such	as	family	members	or	

transportation	authorities.	

Furthermore,	 it	 was	 demonstrated	 that	 there	 is	 no	 significant	 negative	

attitude	 towards	 the	 use	 of	 hybrid	 DSM	 technology	 due	 to	 apprehension,	

intimidation,	or	fear	of	making	mistakes.	These	findings	indicate	viability	of	DSM	

in	the	driving	context.	With	regards	to	usability,	participants	valued	a	system	that	

was	safe	to	use,	easy	to	use,	and	reliable	as	the	most	important	goals.	Contrary,	the	

least	important	usability	goals	were:	perceived	easiness	to	learn,	good	integration,	

and	 comfort.	 These	 findings	 can	be	used	 in	 future	 studies	 concerning	usability	

evaluations	 of	 DSM	 systems	 in	 accordance	 with	 user-centered	 principles	 (BSI,	

2010).	 Although,	 it	 is	 recommended	 that	 the	 future	 studies	 consider	 a	 larger	

sample	 size	 that	 is	 more	 representative	 of	 general	 population.	 The	 sample	

adopted	as	part	of	this	study	predominantly	consisted	of	young	tech-savvy	male	

professionals.	

9.1.3 DSM	User	Trials	

To	 further	 deepen	 our	 understanding	 of	 CED-based	 DSM,	 three	 driving	

simulator	 user	 trials	were	 conducted	 (Chapters	 4,	 5,	 and	 6	 that	 correspond	 to	
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Submissions	2,	3,	and	5	respectively).	Overall,	supporting	evidence	for	adoption	

of	CEDs	in	DSM	was	provided	by	utilising	state-of-the-art	methodology	in	DSM,	

while	characterising	sensory	 capabilities	of	CEDs.	The	studies	were	specifically	

aiming	to:	

1. Determine	the	reliability	and	validity	of	wearable	CEDs	to	measure	human	

physiology	while	driving;	

2. Provide	 supporting	 evidence	 for	 employing	 CEDs	 in	 physiological	 and	

emotional	evaluation	of	common	driving	activities;	

3. Explore	 effect	 of	 cognitive	 and	 visual	 workload	 on	 drivers’	 state	 and	

driving	performance	during	 the	 automated	 to	manual	 control	 transition	

scenarios.	

9.1.3.1 Workload	Estimation	

All	three	studies	have	demonstrated	evidence	of	CEDs	being	well	suited	to	

reliably	monitor	drivers’	state.	It	was	demonstrated	how	workload	can	be	inferred	

using	physiological	indicators,	captured	by	means	of	CEDs	in	the	driving	context.	

Specifically,	 a	 strong	 link	 between	 workload	 and	 time-domain	 heart	 rate	

variability	(HRV),	measured	by	consumer-grade	wearable	devices,	was	confirmed	

in	some	of	the	user	trials	(see	Figures	Figure	17	and	Figure	22).	The	feasibility	of	

workload	 estimation	 though	 drivers’	 physiology	 has	 been	 demonstrated	

previously	in	the	literature;	however,	the	majority	of	studies	employed	medical	

equipment	 to	 capture	 drivers’	 physiology	 for	 the	 purpose	 of	 workload	 level	

estimation	(Brookhuis	and	de	Waard,	2010;	Chua	et	al.,	2011;	Mehler,	Reimer	and	

Wang,	2011;	Reimer	and	Mehler,	2011;	Son	et	al.,	2011;	Mehler,	Reimer	and	Zec,	

2012).	 Instead,	 this	 EngD	 is,	 to	 the	 author’s	 knowledge,	 the	 first	 to	 presented	

supporting	evidence	for	CED-based	real-time	workload	estimation	in	the	driving	

context.	It	should	be	noted	that	this	research	only	considered	workload	within	the	

driving	 context,	 but	 a	 benefit	 of	 CEDs	 is	 that	 they	 could	be	used	 for	 long-term	

workload	estimation	–	as	emphasised	in	the	hybrid	DSM	model	description.	

During	 the	 user	 trials,	 the	 induction	 of	 workload	 was	 performed	 in	 a	

variety	of	ways.	For	instance,	in	the	first	study	(see	Submission	2)	the	workload	

was	 induced	 through	 the	 changes	 in	 driving	 scenario	 complexity	 such	 as	 road	

layout,	traffic	density,	and	speed	limits.	The	next	study	improved	upon	this	design.	

It	incorporated	dangerous	situations	on	the	roads	in	order	to	test	CEDs	ability	to	



Innovation	Report	

	

	

Page	79	

detect	spontaneous	driver	state	changes.	This,	 in	 fact,	was	 later	confirmed	(see	

Submission	 3).	 The	 second	 study	 has	 also	 considered	 participants’	 subjective	

perception	 of	 workload	 (see	Figure	 20).	 The	 subjective	 results	 confirmed	 the	

validity	 of	 chosen	 study	 design	 by	 revealing	 statistically	 significant	 effect	 of	

driving	 task	 complexity	 on	 subjective	 evaluations	 of	 Overall	 Workload	 Scale	

(OWS).	Moreover,	 the	quality	of	 study	design	was	 incrementally	 improved.	For	

instance,	the	first	study	was	performed	in	a	Desktop	Driving	Simulator	(see	Figure	

6)	 whereas,	 the	 next	 two	 studies	 were	 conducted	 in	 a	 highly	 immersive	 3xD	

Simulator	for	Intelligent	Vehicle	at	University	of	Warwick	(see	Figure	5).		

9.1.3.2 Emotional	State	Estimation	

In	addition	to	workload,	the	emotional	state	estimation	support	was	added	

in	 the	 second	 user	 trial	 in	 order	 to	 assess	 CEDs’	 ability	 to	 capture	 drivers’	

emotional	responses	by	means	of	image	processing.	Previous	research	has	failed	

to	induce	significantly	different	emotional	responses	in	the	driving	context,	with	

neutral	emotion	being	the	most	dominant	(Schmidt,	Decke	and	Rasshofer,	2016).	

To	 address	 this	 limitation,	 an	 attempt	 was	 made	 to	 elicit	 extreme	 emotional	

stimulus	via	the	driving	scenario	adopted	for	study	2.	This	was	the	simulation	of	

series	of	unexpected	on-road	events	(to	induce	negative	stress),	the	addition	of	an	

automated	 driving	 phase	 with	 limited	 traffic	 and	 a	 straight	 road	 (to	 induce	

boredom),	and	finally	a	free	driving	racing	section	(hoping	to	elicit	excitement).	

Those	 three	 conditions	 were	 found	 to	 induce	 significant	 changes	 in	 drivers’	

emotional	state,	both	positive	and	negative.	Similar	changes	were	also	observed	

in	emotional	responses	to	dangerous	situations	(see	Submission	3).	Both	joy	and	

surprise	consistently	showed	a	pattern	of	rapidly	elevating	emotional	response	

after	each	event	(see	Figure	24	and	Figure	25).	Given	that	the	majority	of	study	

participants	managed	to	react	to	the	dangerous	events	in	the	timely	manner,	thus,	

avoiding	vehicle	collision,	the	prevalence	of	positive	emotional	response	could	be	

a	sign	of	participants	feeling	relieved.		

The	 third	 study	 (see	 Submission	 5)	 has	 also	 considered	 emotional	

responses	while	 assessing	quality	of	 SAE	Level	3	 automated	 to	manual	 control	

transitions.	It	was	found	that	some	of	the	emotional	responses	were	found	to	be	

significantly	different	during	the	transition	period.	For	instance,	joy	was	found	to	

be	the	most	active	after	an	N-Back	1	(moderate	workload)	task	in	both	urban	and	
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motorway	 environments.	 This	 could	 be	 an	 indicator	 of	 drivers’	 comfort	 with	

retaking	control	of	an	automated	vehicle,	due	to	optimal	workload	level.	This	is	

complemented	by	the	valence	 indicator	which	shown	that	emotional	responses	

following	an	N-Back	1	task	were	generally	more	positive.	

9.1.3.3 CED-based	DSM	Use	Case	–	SAE	Level	3	Automated	Driving	

The	presented	results	in	Submission	5	have	numerous	implications	for	the	

research	 community,	 and	 automakers	who	 are	 looking	 into	 fitting	 their	 future	

vehicles	 with	 SAE	 Level	 3	 automation	 capabilities.	 The	 third	 user	 trial	 was	

specifically	 set	 out	 to	 explore	 the	 effect	 of	 cognitive	 and	 visual	 workload	 on	

drivers’	state,	and	driving	performance,	during	an	automated	to	manual	control	

transition	scenario.	An	impact	of	visual	and	cognitive	workload	on	drivers’	ability	

to	 adequately	 transition	between	 automated	 and	manual	 driving	was	 assessed	

using	both	driver	state	and	driving	performance	indicators	which	were	captured	

by	CED-based	DSM	 toolkit	 (see	Chapter	 8).	 The	 key	 findings	 suggest	 that	 non-

optimal	levels	of	workload	during	the	automated	driving	conditions	could	in	fact	

impair	driving	performance,	especially,	 the	 lateral	 control.	Furthermore,	 it	was	

demonstrated	that	higher	levels	of	workload	can	impact	severity	and	duration	of	

driving	performance	impairment.	For	 instance,	mean	and	standard	deviation	of	

lane	position	impairments	were	found	to	last	longer,	following	a	higher	level	of	

workload	during	the	automated	driving	period.	Similarly,	drivers’	physiological	

responses	e.g.,	heart	rate	and	its	variability,	have	significantly	varied	based	on	the	

level	 of	 N-Back-induced	 workload	 during	 the	 automated	 driving	 period.	

Furthermore,	 stabilisation	 times	 of	 physiological	 responses	 following	 a	 vehicle	

take-over	were	derived.	For	example,	 it	was	 found	that,	on	average,	 it	 takes	20	

seconds	for	heart	rate	to	stabilise	after	manual	control	of	a	vehicle	is	taken.	It	was	

also	 found	 that	 stabilisation	 time	 tends	 to	 decrease	 following	 an	 increase	 in	

workload	prior	to	control	transition	in	the	motorway	environment.	Interestingly,	

despite	an	absence	of	stabilisation	time	difference	in	HRV,	a	distinct	HRV	pattern	

was	 detected	 for	 the	 first	 5	 seconds	 of	manual	 driving	 i.e.,	 the	 HRV	 remained	

higher	 after	 engaging	 in	 a	 low	 complexity	 task	 in	 both	 urban	 and	 motorway	

driving	scenarios.	

In	 order	 to	 assess	 the	 length	 of	 time	 it	 took	 for	 the	 above	measures	 to	

stabilise,	 a	 novel	 signal	 stabilisation	 method	 was	 introduced.	 It	 was	 used	 to	
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successfully	 determine	 times	 of	 both	 physiological	 measurements	 and	 driving	

performance	 indicators.	 This	 in	 itself	 is	 an	 important	 finding	 for	 the	 field,	 as	

previously	adopted	stabilisation	methods	by	Merat	et	al.,	(2014)	and	Pampel	et	al.,	

(2018)	have	failed	to	indicate	significant	differences	between	measures,	despite	

observable	differences	being	deemed	seen	and	reported.	

9.1.4 The	CED-based	DSM	Toolkit	

This	innovation	report	has	outlined	the	development	process	of	the	mobile	

driver	state	monitoring	toolkit	prototype.	It	also	presented	motivation	for	its	in-

house	development	and	provided	detailed	prototype	design	reasoning.	The	final	

version	of	the	toolkit	incorporates	a	mixture	of	driver	state	metrics	captured	from	

a	CED-based	sensory	network	e.g.,	a	chest	heart	monitor	and	a	wrist-worn	device.	

It	 facilitates	 collection,	 storage,	 synchronisation,	 and	 filtering	 as	 well	 as	

calculation	of	some	data	derivatives	e.g.,	time-domain	HRV	indicators	(see	Figure	

38).	 The	 toolkit	 can	 be	 deemed	 as	 innovative,	 given	 its	 flexibility,	 unique	

functionality,	and	cost-efficiency	–	as	it	is	all	embedded	into	a	single	smartphone	

application.	 This	 is	 further	 confirmed	 by	 the	 willingness	 of	 engineers	 within	

industry	and	academia	to	adopt	this	toolkit	in	the	human	factors	experimentation.	

9.1.5 Innovation	Definitions	

The	key	findings	resulted	in	the	following	innovation	contribution:	

I. Defined	a	new	model	which	demonstrates	integration	of	consumer	grade	

electronics,	which	are	capable	of	monitoring	drivers'	state,	into	a	vehicle,	

its	benefits	and	barriers	to	market	introduction.	

II. Applied	 state-of-the-art	 methodology	 in	 monitoring	 drivers'	 state	 to	

characterise	capabilities	of	consumer	grade	electronics.	

III. Appraised	 one	 of	 the	 adoption	 barriers	 i.e.,	 acceptance,	 of	 driver	 state	

monitoring	 technology	 and	described	behaviour	 intention	 to	 use	 such	 a	

system.	

IV. Assessed	 the	 quality	 of	 SAE	 Level	 3	 automated	 to	 manual	 control	

transitions	scenarios	using	objective	driver	state	and	driving	performance	

indicators.	

V. Proposed	 a	 method	 to	 derive	 stabilisation	 times	 of	 physiological	 and	

driving	performance	indicators.	
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VI. Developed	a	mobile	driver	state	monitoring	toolkit.	

9.2 Impact	for	the	Sponsoring	Company	and	Broader	

Applicability	

The	academic	knowledge	and	innovations,	which	were	generated	as	part	

of	 this	EngD,	have	made	an	 impact	on	 the	research	and	development	decision-

making	within	Jaguar	Land	Rover	(JLR),	the	sponsoring	company	of	this	research.	

For	instance,	the	first	driving	simulator	user	trial	was	specifically	inspired	

by	the	scope	of	an	internal	project	within	JLR.	This	internal	project	was	JLRs	first	

exploration	 of	 the	 physiological	 assessment	 of	 drivers	 for	 the	 purpose	 of	 in-

vehicle	 feedback,	 with	 the	 aim	 to	 explore	 reliability	 and	 validity	 of	 high-tech	

devices	 to	 measure	 human	 physiology	 in	 the	 driving	 context.	 Moreover,	 the	

proposed	 outcomes	 consisted	 of	 literature	 survey,	 specifications	 for	 future	

implementations,	 rationale	 for	 device	 selection,	 and	 preliminary	 findings,	

demonstrating	 evidence	 of	 the	 project	 viability.	 All	 those	 outcomes	 were	

produced	 as	 part	 of	 the	 first	 two	 submissions	 of	 this	 EngD	 portfolio.	 Those	

outcomes	were	communicated	back	 to	 the	sponsoring	company	and,	 therefore,	

directly	added	value.	

The	 subsequent	 driving	 simulator	 studies	 have	 also	 produced	 valuable	

knowledge	 and	 insights	 into	 the	 DSM	 by	 means	 of	 CEDs.	 Specifically,	 it	 was	

demonstrated	how	cost-efficient	devices	such	as,	chest	heart	monitor,	can	be	used	

for	 the	 reliable	 objective	 estimation	 of	 workload	 in	 the	 driving	 context.	 The	

concept	of	workload	is	of	high	relevance	to	JLR,	especially,	when	it	comes	to	the	

design	and	testing	of	novel	Human-Machine	Interfaces	(HMIs).	The	HMI	and	User	

Experience	(UX)	engineers	invest	a	substantial	amount	of	resources	in	order	to	

design	 systems	 that	 induce	 right	 amount	 of	 workload	 for	 the	 optimal	

performance.	 Since,	 CEDs	 were	 proven	 to	 reliably	 estimate	 level	 of	 workload,	

those	can	be	used	to	assess	HMI-induced	workload	in	large-scale	user	trials	due	

to	the	low	cost	of	apparatus.	This	would	ensure	higher	validity	of	objective	HMI	

evaluations.	Moreover,	CED-enabled	emotions	and	head	tracking	can	be	used	for	

HMI	evaluations.	Specifically,	attention	and	engagement	indexes	can	be	used	as	

cost-effective	measures	of	drivers’	distraction.	
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The	 third	 user	 trial	 (see	 Submission	 5)	 has	 specifically	 produced	 the	

detailed	insights	describing	how	various	levels	of	workload	may	impact	drivers’	

ability	 to	 take	over	 control	 after	 SAE	Level	3	 automation	and	 continue	manual	

driving.	Those	insights	can	be	used	to	govern	SAE	Level	3	design	decisions	when	

it	comes	to	the	adaptive	driver	assistance	use	during	an	initial	period	of	manual	

driving.	It	could	be	advantageous	to	enable	adaptive	driver	assistance,	especially,	

in	the	context	of	lateral	control,	for	a	number	of	seconds	following	a	transition	of	

control,	since	impairments	that	lasted	for	up	to	22	seconds	were	identified	(e.g.,	

unstable	 lane	position	prior	to	experiencing	high	level	of	workload).	This	could	

help	 to	 facilitate	 safer	 and	 more	 comfortable	 control	 transitions.	 The	 links	

between	 driver	 state	 and	 driving	 performance	were	 previously	 emphasised	 as	

part	of	hybrid	DSM	model	(see	Figure	4).	

The	successful	implementation	of	proposed	hybrid	DSM	model	is	believed	

to	have	a	significant	environmental	and	social	impact.	A	hybrid	DSM	system	could	

potentially	 enhance	 road	 safety	 by	 significantly	 reducing	 possibility	 of	 road	

incidents	 that	mostly	 happen	 due	 to	 human	 error	 (NHTSA,	 2015).	 Also,	 it	 has	

consistently	 been	 shown	 that	 an	 impaired	 driver	 state	 influences	 driving	

performance,	which	might	lead	to	inferior	fuel	economy.	Furthermore,	the	DSM	

could	be	used	to	 innovate	HMIs,	making	them	more	affective	and	non-invasive.	

The	customer	value	could	be	generated	by	improving	convenience	of	particular	

In-Vehicle	Information	Systems	(IVIS).	These	could	become	driver	state	adaptable	

and	present	only	relevant	feedback	to	a	driver,	based	on	their	state	and	mental	

capacity.	Hence,	offer	enjoyable	and	safer	driving	experience.	For	instance,	vehicle	

could	 vary	 between	 feedback	 methods	 of	 presenting	 information	 e.g.,	 visual,	

auditory,	haptic,	or	mixture	of	methods,	based	on	the	workload	and	distraction	a	

driver	is	currently	experiencing.	

The	model	can	be	also	used	outside	of	the	driving	context	and,	instead,	be	

applied	to	other	safety-critical	environments	where	human	state	plays	an	integral	

part	in	maximising	value	to	the	business.	For	instance,	the	model	can	be	adopted	

for	other	transportation	methods	such	as	rail	and	air.	The	state	of	rail	operators	

and	air	pilots	could	be	evaluated	outside	of	their	working	hours	in	order	to	pre-

determine	their	fitness	to	perform	the	primary	task.	Moreover,	the	manufacturing	
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industry	could	benefit	from	real-time	cost-efficient	estimation	of	workers’	state	in	

order	to	be	able	to	optimise	it	in	real-time.	

The	key	survey	findings,	which	outlined	acceptance	criteria	and	usability	

goals	of	a	hybrid	DSM,	were	presented	to	the	multidisciplinary	audience	within	

JLR	 in	 the	 form	 of	 a	 workshop.	 It	 was	 suggested	 that	 these	 findings	 must	 be	

considered	in	order	to	ensure	success	of	DSM	systems	in	the	automotive	market.	

It	was	specifically	suggested	that	the	usability	of	any	JLR-produced	DSM	prototype	

should	be	primarily	evaluated	using	the	usability	goals	i.e.,	safe	to	use,	easy	to	use	

and	 reliability,	 which	 were	 rated	 as	 highly	 important.	 Furthermore,	 it	 was	

emphasised	that	acceptance	of	hybrid	DSM	and	customers’	behaviour	intention	to	

use	such	a	system	are	significantly	driven	by	the	factor	of	social	influence.	Thus,	

drivers’	intention	to	use	a	DSM	system	could	be	promoted	through	endorsement	

by	important	others,	such	as	family	members	or	transportation	authorities.	This	

notion	should	be	an	integral	part	of	DSM	marketing	material	in	order	to	ensure	

market	 success	 of	 DSM	 technology,	 given	 it	 gets	 introduced	 as	 part	 of	 next	

generation	JLR	fleet.	The	survey	has	adopted	Unified	Theory	of	Acceptance	and	

Use	 of	 Technology	 (UTAUT)	 framework	 to	 study	 acceptance	 of	 hybrid	 DSM.	

Additionally,	 any	 new	 JLR	 in-vehicle	 technology	 or	 feature	 can	 be	 also	 studied	

using	the	methodology	described	in	the	Submission	4.	This	survey	can	be	adapted	

to	 include	 technology-specific	 items	 for	 improved	 precision	 of	 acceptance	

evaluation.	

The	modular	mobile	DSM	toolkit	was	developed	 in-house	as	part	of	 this	

EngD	(see	Chapter	8).	It	enabled	driver-state-related	data	collection,	filtering,	on-

board	 analysis,	 storage,	 and	 synchronisation.	 The	 toolkit	 and	 all	 associated	

Intellectual	Property	(IP)	are	available	to	JLR	engineers	to	be	used	in	any	internal	

research	 project	 immediately.	 Furthermore,	 the	 toolkit	 functionality	 can	 be	

exclusively	integrated	into	JLR	existing	mobile	software	solution	before	the	toolkit	

enters	public	domain	 through	open	source.	For	 instance,	 the	existing	 InControl	

mobile	application	can	be	embedded	with	DSM	functionality	(Jaguar	Land	Rover,	

2018).	Alternatively,	the	software	solutions,	developed	during	this	EngD,	could	be	

integrated	 into	 a	 prototype	 vehicle	 and	 linked	 to	 the	 network	 of	 in-vehicle-

embedded	 physiological	 sensors.	 Regardless,	 this	 could	 significantly	 minimise	
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amount	of	internal	resources,	needed	for	the	development	of	a	comparable	DSM	

system	within	JLR.	

Finally,	the	standards	bodies	have	emphasised	importance	of	DSM	in	the	

driving	context	and	have	recommended	that	automakers	consider	integration	of	

DSM	technology	 into	their	production	vehicles	starting	 from	2025	(Euro	NCAP,	

2017).	 Hence,	 this	 EngD	 has	 equipped	 JLR	 with	 DSM-focused	 knowledge	 and	

innovations	ahead	of	their	competition.	

9.3 Strengths	and	Weaknesses	of	this	Research	

Same	as	any	large-scale	project	this	EngD	research	has	its	own	strengths	

and	weaknesses.	Firstly,	the	novelty	of	this	research	should	be	acknowledged.	This	

was	demonstrated	through	extensive	list	of	peer-reviewed	academic	publications	

(see	Chapter	1).	The	project	has	also	produced	industry-relevant	outcomes	which	

could	 provide	 technological	 and	 competitive	 advantage	 for	 the	 sponsoring	

company	 of	 this	 EngD.	 The	 key	 findings	 of	 this	 research	 were	 obtained	 in	 a	

scientifically	 rigorous	manner	 by	 relying	 on	 the	 state-of-the-art	 literature	 and	

methodology.	The	majority	of	results	were	obtained	using	a	highly-advanced	and	

immersive	3xD	Simulator	for	Intelligent	Vehicles,	which	helps	to	ensure	results	

transferability	 as	 well	 as	 high	 controllability	 and	 repeatability	 of	 the	 complex	

driving	 situations	 (WMG,	 2017).	 The	 amount	 of	 control	 has	 incrementally	

increased	 throughout	 the	 studies	 along	 with	 changes	 in	 study	 design.	

Nevertheless,	 the	 key	 physiological	 response	 patterns	 persisted	 e.g.,	 the	 link	

between	Heart	Rate	Variability	(HRV)	and	mental	workload.	Nevertheless,	there	

could	be	differences	 in	physiological	responses	that	are	captured	in	the	driving	

simulator	 environment	 and	 during	 ‘normal’	 driving	 experiences.	 For	 instance,	

participants	were	mostly	unfamiliar	with	the	feeling	of	the	simulator	so	could	be	

distressed	to	a	higher	extent.		

However,	despite	the	high	controllability,	some	of	the	DSM-related	results	

were	found	to	be	inconsistent	and	were	open	to	interpretation	e.g.,	Galvanic	Skin	

Response	(GSR)	and	Peripheral	Skin	Temperature	(PST).	Often,	the	signals	were	

monotonically	 changing	 through	 the	user	 trial.	 For	 instance,	GSR	was	 found	 to	

monotonically	increase	and	PST	was	found	to	decrease	over	the	whole	duration	of	

driving	activities.	Also,	no	significant	responses	to	the	dangerous	events	could	be	
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detected	 using	 GSR	 or	 PST.	 Those	 cases	 were	 acknowledged	 in	 the	 individual	

submissions	(see	Submissions	2,	3,	and	5).	It	is	suggested	that	those	physiological	

measures,	if	sourced	from	CEDs,	are	deemed	lower	priority	in	the	driving	context,	

since	a	hybrid	DSM	system	cannot	benefit	from	real-time	assessment	of	GSR	and	

PST.	 In	 order	 to	make	 data	 sourced	 from	wrist-worn	 devices	 usable	 in	 safety-

critical	 DSM,	 the	 sensory	 capability	 of	 CEDs	 must	 be	 significantly	 improved.	

Specifically,	 a	 robust	 filtering	 method	 for	 measurement	 artefacts	 should	 be	

implemented	 since	 those	 are	 common	 in	 the	 context	 of	manual	 driving	 due	 to	

muscular	motion	in	drivers’	wrists.	

Due	to	current	technological	limitations	of	the	wrist-worn	devices,	Heart	

Rate	Variability	(HRV)	could	not	be	derived	consistently	or	accurately	from	the	

heart	 activity	 metrics,	 measured	 by	 either	 BASIS	 Peak	 	 nor	 more	 advanced	

Empatica	E4	(see	Figure	7).	It	is	necessary	to	capture	all	heart	inter-beat	intervals	

in	order	to	perform	sensible	time-domain	HRV	analysis.	None	of	the	commercial	

consumer-grade	wrist-worn	devices	are	able	to	provide	such	a	quality	and	rate	of	

data	 in	 the	 driving	 context	 yet.	 This	 could	 be	 mainly	 due	 to	 the	 fact	 that	 the	

steering	task	causes	wrist	muscular	motion	and	results	in	artefacts	in	heart	rate	

sensing.	 Perhaps,	 the	 future	 technological	 advancements	 in	

Photoplethysmography	(PPG),	a	method	of	deriving	heart	rate	from	blood	volume	

fluctuations,	will	allow	to	perform	HRV	analysis	by	solely	relying	on	data	captured	

by	 a	 wrist-worn	 device.	 For	 now,	 it	 is	 recommended	 to	 use	 a	 conventional	

consumer-grade	method	 for	measuring	 Electrocardiogram	 (ECG)	 using	 a	 chest	

heart	monitor	e.g.,	Polar	H10	(see	Figure	7).	

An	alternative	non-invasive	method	of	measuring	driver	physiology	could	

be	 implemented	 through	 sensors	 embedded	 into	 the	 driver’s	 seat,	 seatbelt	 or	

steering	wheel.	Indeed,	this	method	offers	an	ambient	alternative	that	could	act	as	

a	unique	selling	point	for	a	potential	vehicle	buyer.	However,	the	user	acceptance	

is	questionable	due	to	added	cost	that	could	be	substantially	higher	compared	to	

the	cost	of	a	wearable	CED.	The	smart	textiles	capable	of	measuring	physiology	

can	also	provide	an	insight	into	driver’s	state,	but	those	were	criticised	for	signal	

quality	related	issues	due	to	motion	related	displacement	of	sensors	(Luprano	et	

al.,	2006).	
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Finally,	all	 the	obtained	objective	DSM	results	as	part	of	 this	EngD	were	

based	on	aggregate	responses	of	15-40	participants.	Whereas,	in-vehicle	DSM	will	

solely	rely	on	individual	real-time	data	which	in	turn	could	be	much	noisier	and	

more	 variable.	 Thus,	 some	 comprehensive	 filtering	 should	 be	 applied	 in	

production-ready	DSM	systems	 in	order	 to	be	able	 to	detect	drivers’	 individual	

impaired	states.	

9.4 Opportunities	for	Future	Research	

The	scope	of	this	research	project	was	extensive,	but	obviously	could	not	

cover	the	breath	of	the	hybrid	DSM	model	(see	Figure	4),	primarily	due	to	limited	

resources	 availability.	 Therefore,	 the	 future	 research	 should	 focus	 on	 the	

following	themes:	

• Implementation	 of	 a	 hybrid	 DSM	 system	which	 combines	 data	 from	 in-

vehicle	embedded	sensors	and	brought-in	technology;	

• Fusion	of	DSM	metrics	and	generation	of	unified	DSM	indicator;	

• Investigation	of	innovations	in	sensor	technology	within	CEDs	in	the	scope	

of	particular	driver	state	constructs;	

• Further	investigation	of	workload	level	estimation	using	Heart	Rate	

Variability	by	means	of	CEDs;	

• Consideration	of	alternative	methods	in	DSM;	

• Linkage	 of	 driver	 state	 estimation	 to	 in-vehicle	 assistance	 systems	 to	

enable	modification	of	ADAS	and	IVIS	functionality	based	on	DSM	outputs;	

• Definition	of	novel	DSM	use	cases;	

• Formulation	of	business	cases	for	DSM;	
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10 Final	Conclusion	

This	 EngD	 produced	 knowledge	 that	 describes	 integration	 of	 Consumer	

Electronic	 Devices	 (CEDs)	 into	 the	 vehicles	 for	 the	 purpose	 of	 Driver	 State	

Monitoring	 (DSM),	 from	both	 technological	and	human	 factors	perspectives.	 	 It	

was	demonstrated	how	CEDs	can	be	used	in	DSM	in	its	current	technological	state,	

while	 highlighting	 benefits	 of	 such	 an	 approach.	 Throughout	 this	 project	

numerous	 innovations	 were	 generated	 which	 have	 made	 an	 impact	 on	 the	

sponsoring	company	of	this	EngD.	
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