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Why Cognitive Load

Estimation

* Finite capacity of working memory

 Mental workload
 Stress / Distraction / Boredom

George Armitage Miller

John Sweller

What You
Need to Know About

COGNITIVE LOAD

[B]B]|C] Signie H n 5. Reat Workiie Tavet . Q searchsac

A mind-reading combat jet for the
future

Top Stories

NewScientis

News Podcasts Video Technology Space Physics Health More ¥ Shop Courses Events To

Indian military tests eye-tracking
tech to help pilots control planes

0060000

TECHNOLOGY 12 June 202!




Cognitive
Load from
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Fig. 21. The apparatus used in recording eye movements,
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- 4As fresh and provocative today
- as it was 125 years ago.’




Cognitive Load Estimation - —

TIME SCALE OF HUMAN ACTION
SCALE SYSTEM STRATUM
(sec)
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Cognitive Load
and Ocular

Parameters

Indicator of Increased Cognitive Workload
Blink Duration

—

Blink Interval

Blink Frequency

Saccade Rate

Saccade Peak
Velocity

Saccade Amplitude

Pupil Size

Pupil Dilation

Fixation Frequency

Fixation Duration

Horizontal Fixation

Vertical Fixation

Mean Dwell Time

Saccade Extent

Blink Rate

—| = = 2| =2 o2 2| 2 2 = 22—

Area of Visual Field




Cortical
Topography

Adapted from Neuroanatomy -
A Primer, by K. Sukel, 2011,
http://www.dana.org/News/Det
ails.aspx?id=43515

Cudlenco, Nicolae & Popescu, Nirvana
& Leordeanu, Marius. (2019). Reading
into the mind’s eye: Boosting
automatic visual recognition with EEG
signals. Neurocomputing. 386.
10.1016/j.neucom.2019.12.076.

Anatomy and Functional Areas of the Brain

Cerebral cortex Parietal lobe

Functional Areas of
the Cerebral Cortex

Visual Area:
St
IMage recognition
Image perception

Associlation Area
Short-1erm momory
EQuildrum
Emoton

Motor Function Area
Intiaton of voluntary muscios

Broca's Area
Muscies of speoch

Auditory Area
Hearng

Gsmououlhm
Pain
Hungee
"Fight or fight” r0sp0nso
@&morynoocbuonkm

Olfactory Area
Smeling

Sensory Area
Sensation from muscies and skin

Somatosensory Association Area

Evaluaton of woight, texture,
LOmpPorature, oic. for ODICE LOCORNBON

Wermicke's Area
Wiritten and spokon RNQUAQE COmpe

Functional Areas of
the Cerebellum

Motor Functions
Cooedination of movement
Balance and equidrium
Posture



EEG

* Electroencephalography ( 1924)

* Hans Berger

P -

p 31111

:
1 &

From Wikimedia Commons




PSD Analysis: Frequency bandwidths

V\/\ Delta Slow wave sleep

Theta 3-7 Memory Creation,
Hypnagogia
Alpha 8-13 Relaxation, Reflection
M\IWW\N\[ Closed Eyes, Intrinsic Focus

Beta 13-30 Active cognition, Intense
V’M"AV""‘V"\/A\M concentration

Gamma 30+ Multisensoring processing,

WWJ\R/\/\/\/\/\/VWKN\}\N\/\N Euphoria, High Focus
Mu 8-12 Suppression has been
VW\(\N\/\N\/W\/\ (Over sensorimotor) linked with empathy




Cognitive Load / Mental Workload

 Depletion of mental resources due to mental demands of a task
* High Workloads vs Low Workloads

* Individualized

 Limited Resources and Unlimited demands

 Importance in Occupations : ATCs and Healthcare

* Processing and Integration of Information
Task-related knowledge, working memory, decision making, attention

Wrobel A 2000 MacPhee et al, 2017 Sauseng P et al, 2005 Friedman N. 2019



Cognitive Load Theory

* Sensory Memory = Relevancy =2 Working Memory = Processing =2
Long term theory ( Schema)

 Limited Capacity ( “Multitasking is a myth”)
* Intrinsic

* Extrinsic

e Germane ( New Schema )



Assessment of Cognitive Load

e Subjective Metrics
NASA-TLX, ATWIT

* Objective Metrics:
Behavioral: Position of body, keystroke dynamics, mouse-tracking
Physiological: Pupil dilation, blink frequency, duration, saccades;
(ECG), heart rate and variability (HRV),
Neuropsychological: EEG, fNIRS, fMRI

* EEG is most widely used for cognitive load estimation

Stein E.S. 1985
(Loft S, 2015; Debbie E, 2019
Mulder, L.1989



EEG for Estimation of Cognitive Load

* Theta band
mental fatigue, mental workload, demands on cognitive resources, task
difficulty, working memory, concentration, lower mental vigilance and
alertness, a loss of cortical arousal

* Alpha band

reduction in attention or alertness, cognitive fatigue, relaxed states, Lower
mental vigilance, task difficulty,

parietal and occipital areas
* Beta band

Visual attention, short-term memory, working memory, mental workload,
concentration.

Arousal of the visual system during increased visual attention



EEG Indicators
of Cognitive Load

Vidulich, M. A.,2012, Xie, J., 2016, Antonenko, P.,
2010; Borghini, G., 2012, Parasuraman,
R.,2002;Maior, H. A., 2014, Paus, T., 1997; Sterman,
M., 1995

Antonenko, P., 2010, Puma, S., 2018, MacLean, M. H.,
2012 Parasuraman, R., 2002 Maior, H. A 2014 Mazher,
M., 2017, Xie, J.,2016, Wrébel, A. 2000,Sauseng
P.,2005, Mazher, M.,2017

Tallon-Baudry, C., 1999; Palva, S., 2011, Spitzer, B.,
and Haegens, S. 2017; Coelli, S.,2015; Kakkos,
1.,2019; Mapelli, 1., and Ozkurt, T. E. 2019; (Pope, A.
T.,1995)

Fernandez Rojas R, Debie E, Fidock J, Barlow M, Kasmarik K, Anavatti S, Garratt M and
Abbass H (2020) Electroencephalographic Workload Indicators During Teleoperation of an
Unmanned Aerial Vehicle Shepherding a Swarm of Unmanned Ground Vehicles in
Contested Environments. Front. Neurosci. 14:40. doi: 10.3389/fnins.2020.00040

Indicator

Theta

Alpha

Beta

Beta
Alpha + Theta

Theta
Alpha

Theta
Beta

Type of cognitive
behavior

Workload,
vigilance, and
concentration.

Workload,
cognitive fatigue,
and attention.

Workload,
visual attention,
and concentration.

Mental Effort,
vigilance, and
attention.

Workload,
mental effort.

Working memory,
attention, and
sleepiness.

Description

Theta spectral power is thought to
increase with increase cognitive
resources demand.

Theta increases in tasks requiring a
sustained focus of concentration and
vigilance.

Alpha band increases in relaxed
states with eyes closed and
decreases when the eyes are open.

An increase in alpha power is related
to lower mental vigilance and
alertness.

An increase in beta power is
associated with elevated mental
workload levels during mental tasks
and concentration.

Beta band activity reflects an arousal
of the visual system during increased
visual attention.

It has been used to study alertness
and task engagement, mental
attentional investment, and mental
effort.

This index is based in the assumption
that an increase of mental load is

associated with a decrease in alnha

power and an increase in theta power.

This index is based in the assumption
that an increases in alertness and
task engagement result in an increase
in beta power and a decrease in theta
power.



Cognitive Load and Task Engagement

High coghlitive load

Decreasing Optimql
Vigilance, Functioning

Inaattentiveness

Minimal

Poor Executive

Functioning Function

Berka C (2007)
Advanced Brain Monitoring



Task Load Index

e Ratio of the mean medial frontal theta power to the mean
parietal alpha power.

* ‘Brainbeat’

* Frontal 8 PSD M and Parietal ¢ PSD N with task difficulty

* mental fatigue, mental workload, demands on cognitive
resources, task difficulty, working memory, concentration,
lower mental vigilance and alertness, a loss of cortical
arousal

(Holm A., 2009; Hockey G., 2009; Gevins A et al, 2003; Bailey N.R. 2006; Prinzel L et al, 2003; Kamzanova AT, 2011); (Lansbergen et al)
Young M. S. 2005, Kathner I, 2014; Fairclough S, 2004

((Vidulich, M. A. 2012; Xie J, 2016; Antonenko, P 2010; Borghini 2012; Parsuram, 2002 ,Major H.A., 2014)

Ismail L et al, 2002)%° Krause C. et al 200

R |



Engagement Index F_ %

1
a+06 a

e Introduction

“sustained, engaged attention to a task requiring mental effort”
“the extent for willingness to take on task, including amount of efforts and how long they persist

Development
Pope and his Adaptive System and further work by Freeman

* Importance and Factors
information-gathering, visual processing, and allocation attention.

 Method of Calculation

Multiple EEG indices and montages, Comparison studies

 Various Application : Education, Gaming, Automobile, Machinery to

Missiles!
Pope AT, Bogart EH, Bartolome DS. Biocybernetic system evaluates indices of operator engagement in automated task. Biol Psychol. 1995 (Corno and Mandinach 1983)
May 1;40(1):187-95. , (Richardson and Newby 2006; Walker et al. 2006)
Freeman FG, Mikulka PJ, Prinzel LJ, Scerbo MW. Evaluation of an adaptive automation system using three EEG indices with a visual tracking task. Pope et al(1995); Freeman (1999)
Biol Psychol. 1999 May 1;50(1):61-76. Berka C (2007)
Coelli S, Barbieri R, Reni G, Zucca C, Bianchi AM. EEG indices correlate with sustained attention performance in patients affected by diffuse axonal Coelli S (2015,2018)

injury. Med Biol Eng Comput. 2018 Jun 1;56(6):991-1001.


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3167368/#CR13
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3167368/#CR39
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3167368/#CR50

Laboratory Studies
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Automotive Study

Parameters

Accuracy of classification
with individual thresholds

Accuracy of classification
with global threshold

—

NN NN
RBF_SVC I sacrate_right I
sacrate_right I fixrate_left I
LPF_left E—— RBF_SVC I
sacrate_left | fixrate_right I
fixrate_left I sacrate_left I
fixrate_right I E Linear_SVC I
LINS left  n— £ Polynomial_SVC m—
Linear_SVC I g STDP_right
LINS right IS — = LINS left I ———
LPF_right LINS_right I
STDP_right E—— LPF_right S ——
Polynomial_SVC LPF_left
STDP_left I STDP_left
med_S|_vel I med_SI|_vel I
0 02 04 06 038 0 02 04 06 08
Accuracy Accuracy




Correating Fixation Rate with Altitude Change
during Air to Ground Dive

Fixation Rate

— 6
o 250 300 & 2
g g  Ss
";C-,“ 200 -250 j-o':f; g
S 200 £ 4
g 150 o S
k3 - Rel
[ -150 5 £=]
5 10 £ | 23
g -100 =
o = kS 2
E 30 50 = il
Z e g
0 0 s E1
5 10 15 20 25 30 35 40 45 50 6 2
Time (in secs) 0
0 50 100 150 200 250 300
—@=—Fixation Rate  ==@=Altitude Gradient Pilot Inceptor Workload
Rate of fixations Change in Rate of Fixations for the Pilot
250 300
4]
b
= 200 o 250
5 3
S 150 -
g 5 200
5 100 \ B
5 —— e T 150
E 50 .—/_M—/ §
= )
= = 100
0 :
Take off Climb Maneuver Descend Landing = 50
Events
0
==@==C0-Pilot_Flt1l ==@=Pilot Flt2 Pilot_FIt3 Pilot_Flt4 Pilot_Flt2 Pilot_FIt3

Aviation Study

Pradipta Biswas, 13D Lab, pradipta@iisc.ac.in 28
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Figure 13. Mean response times (£SEM) of the general-population participants during (solid
symbols and lines) and immediately after (open symbols and dashed lines) vibration at each of
the 5 levels /ur 10-pt (red) and 14-pt (blue) font. Note the three points with significant (p < 0.05)

or baseline. Note also the fact that performance ration (dashed lines) i

Human Space Flight Application




How it works - Cognitive Load
Estimation from Ocular
Parameters



Dataset preparation

»Analysed and measured ocular parameters and took average
of each parameter in tagged time duration

»We have 6 features and 1 prediction vector, i.e., dataset
dimension is (26 x 6)



Metric values

Average value of parameter corresponding to
an event

No Task Task

B | PFL M LPFR B medianSI ®sacl M sacR
B STDPL B STDPR B LINL B LINR

B | PFL M |LPFR B medianS| ®E saclL M sacR
B STDPL B STDPR B LINL HLINR
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Training and Testing

STDPL SMSSL LPFL MedianSl sacl sacr Class STDPL .lsr-.ﬂSSL LPFL Mediansl sacl sacr Class
0.706459 1.137524 1.828027 49.3185 7.528443 5.505418 0.706459 1.137524 1.828027 48.4045 5.961252 5.826803
0.987355 1.530836 2.653351 B.010019 6.559692 7.233281 0.702569 1.107083 1.8389691 38.65474 26.72293 13.261
1.05791 1.684927 2.832962 2094228 41.93676 23.30592 (0.698922 1.075874 1.923890 27.969 20.62204 18.13298
1.264831 2.120465 3.673532 5.846828 6.214595 3.726455 1.00639 1.557407 2.668574 6.824375 6.772009 3.762227
0.952527 1.495051 2.561194 12.53268 1498782 5.573233 1.01435 1.572846 2.678924 6.879444 6.090487 B.12065
1.004906 1.581594 2.685834 14.80185 12.73494 4.306997 0.981585 1.518262 2.643635 5.218889 6.337558 9.006004
1.155556 1.794817 3.104505 7.088327 11.33383 9.8p4231 0.947095 1.474827 2.622272 13.11737 7.038713 8.044243
1.068594 1.672585 2.871536 17.12084 25.50885 29.48541 1.022034 1.681122 2.742683 28.75488 38.04873 25.47953
0.997523 1.554821 2.762956 7.7576534 B8.026166 7.050217 1.111368 1.762064 3.0648596 30.21846 3045515 22,7377
0.866554 1.349139 2.350035 18.08792 7.976758 6.305152 1.263466 1.991384 3.372473 18.605 18.54446 17.14362
0.90166 1.403927 2.439939 9.771493 10.49378 9.735114 0.943755 1.482271 2.522211 4.28744 5.055612 13.14459
0.90389 1.403503 2425858 4.601533 2.775808 3.795692 1.286281 2.018722 3.426783 4.,154595 7.432819 6.003431
1.063928 1.655209 2.866627 10.89931 16.40668 20.90531 1.25368 1.971348 3.553604 4.87398 11.33995 9.338781
0.700745 1.091478 1.906794 57.6819 26.58492 12.54121 1.140585 1.790685 3.063587 12.22103 12.06637 15.58572
1.146462 1.811556 3.081482 14.24862 16.74549 15.16804 1.214173) 1.902103 3.288128 4.102436 12.65823 15.30422
1.254093 2.001666 3.385174 30.20105 34.23355 23.86729 1.082814 1.704302 2.876858 9.1163883 10.02004 9.733753
1.401125 2.194649 3.7847533 7.342034 10.08158 7.269943 1.072113 1.687796 2.873466 26.00818 54.86076 32.34951
1040266 1.637844 2.801202 13.30015 19.27478 14.13997 1.156814 1.836831 3.117295 18.97778 51.02551 23.67851
1.081412 1.686387 2.910298 17.16687 15.67151 7.225739 1.050156 1.649141 2.80376 16.90274 38.609246 22.84857
1.243439 193863 3.351217 12.71217 17.34932 14.89335 1.043542 1.655777 2.795555 21.90934 27.01621 20.11207
1.072975 1.708304 2.939804 20.14046 28.33814 30.513 0.966884 1.59509 2.569736 20.91336 38.08887 17.54093

P QD000 000 000 00

Training Data (26 x 6) Test Data (128 x 6)

[=J == == R e L el L Ll Ll Ll Ll L= L= = R =R R =



Sample Prediction

IPython console g X
Iﬂ| Console 1/a [£) | K- ]
[®.3613534214388169, B.30obldc0488426997, B@.3560l804541979096, @.1166837449335594/7, 8.89445810275782445, 8.200942085718958275| =» @ (expected @) "
[B.?819?3SEE33E3165, 8.7166454199694382, @.7134630886357813, @.8588365296588365295, @.11775416385363998, 9.139849619?2231632] => @ ﬂEXpECtEd aj

[ W B B s i M s M W s M M s N e B e W W I M i M s e M M N . B i

=

DR DR 5005005000005 3005000

.58649201408647172, 8.6839534474640601, 8.595563646743004, ©.15530462609476753, ©.153835900109501, ©.133463826990847744] =» @ (expected @)
.35221512@8513522, ©.3565815830745744, B.35176309286445165, ©.18942596216568817, 0.16718436746321106, @.852088151932864538] => 8 (expected @)
.3B605937411626373, ©.38448615880204743, @.310485126842061543, ©.41087526226300036, B.6335852598827314, 8.4578485480022916] =» 1 (expected @)
.B48437219162712695, 8.84964323365559199, B.853515692485943185, @.23777784986911337, @.17876877865674457, ©.22848346193076878] => @ (expected @)
.39475188157867435, 8.40682872799864615, @.4866277937481979, 8.83184432538791395, ©.167443775108085178, B.198126832385546085] =» @ (expected @)
.3B376671186484325, @.3979733153764139, @.3943785437610669, 8.21884566218845664, B.17644148162218986, B.85598265467936653] =» B (expected 8)
.3176415875937593, 8.34831116993865895, 8.33748715857248694, 8.37B65642862459784, B,37891869921468324, B,552483145984518] =+ 1 (expected @)
.23718345349064776, ©.27295114836915997, @,24531259492180194, @,3592085164629516, @.40484244040274467, 0.86134554075204082] =» @ (expected @)
.3528791564458783, ©.36837998724197485, 8.3789515391964833, 0.184185226081135672, ©.1692880364696452, @.19777357292374864] => @ (expected @)
.2964732174132261, ©.32808188418923765, 8.3080328646483533, B.198743041874508302, 8.148723095553724034, 8.86141728182846576] => 8 (expected @)
.38782695384108225, 0.4801656707920947, 8.41226206608461184, 8.49566734083697882, ©.55200363590888187, @.913232808585081251] =» 1 (expected @)
.38945440956662483, B.31638447192573816, ©.32531836331396646, B.A5866596888244414, B.10096674842065886, ©.13953329557477605] =» @ (expected @)
LA275820248736885, B.45313639883082542, B.4396835854411429, 8.51971772983857956, 1.8, B.8617819738481331] => @ (expected @)

.32388018818928653, ©.327594719431325, ©.3413317214113323, ©.87588878979393238, A.

LA728822525356347, B.47927921808953835, 8.4924732886345418, @.12229501738581186, ©.11143517959759786, B.1568779788778789] => @ (expected @)
.3751316636439159, @.39583648584279526, B.38601687114832599, B©.18132272518259493, @.

LA43134743741411663, ©.430753087494694558, @.4389197346543421, ©.83663345208334071, @.198861422699711583, @.43782558383999375] => 1 (expected @)
.192452726995971945, @.197991585621979594, @.22445939452966253, ©.3919766821836536, @.212283178386677358, @.28571758857591995] =» 1 (expected @)
LAB209660988665534, B.4093543063750487, 8.41336696056202206, ©.219747585897143, ©.255935805086266717, B.4797922164403304] =» 1 (expected @)
.19438382804040536, @.21440690988688778, @.21847743888123272, @.8667259253088527, B.21545607635647199, B.3B96630867638501] =» @ (expected @)
.8, 1.8, 1.8, 8.8293864168618267, 9.018628411834722957, 8.8] => @ (expected 8)

.59786685618382879, B.6158348p23538373, 8.8101617175569485, 8.13387248784580975, ©.27786291553088783, ©.340041438448083226] => 1 (expected @)
.45284244916571246, 8.4946636226783568, @.4589428609571846, 8.4566210845662181, @.6141489176522841, 1.8] =» 1 (expected 8)
L3947736743927712, B.429426229878654, 8.484918342638245895, @.4328542178687295, 8.48299179699367656, B.5279675672542585] =+ 1 (expected @)

B9983763550725467, 8.22588762197382517] => B (expected 8)

2B79347739283329, B.375183148896388714] => 1 (expected @)

m

[Input vector => Prediction:0/1 (Actual (0/1))]



Calculation of Accuracy

We took Task region as positive and No_task region as negative

We counted True positive (TP), False Positive (FP), True Negative (TN), False
Negative (FN) as follows:

e TP=If parameter > threshold and lies in Task region

e FP=If parameter>threshold and lies in No_task region
e FN=If parameter<threshold and lies in Task region

e TN=If parameter<threshold and lies in No_task region
e Accuracy=(TP+TN)/(TP+FP+TN+FN)



Results -

Individual
threshold

Accuracy_Ind

NN

RBF SVC
sacr
LPFleft
sacl
Polynomial SVC
L1NPIleft
L1INPright
LPFright
STDPright
STDPIeft
medSlI vel

Parameters

o
o
|_\
o
(N

0.3

o
>

0.5

o
o
o
\l

Accuracy

* Calculated accuracy of each parameter by choosing individual threshold
corresponding to No_task of each driver

e Compared accuracy individual parameters against that of Neural
network model to classify

0.8



Results -

Universal
threshold

Accuracy_Univ

NN

sacr

RBF SVC
sacl
Polynomial SVC
STDPright
L1NPIleft
LINPright
LPFright
LPFleft
STDPleft
medSl vel

Parameters

o
o
|
o
(N

0.3

o
~
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e Calculated accuracy of each parameter by choosing universal threshold
which is the average of thresholds corresponding to No_task of each driver

e Compared accuracy individual parameters against that of Neural network
model to classify



Architecture of proposed model

Driving
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secondary
task

Pupil
parameters

* Model structure: 8—-160-80-3

Machine * Activation function in hidden layers: RelLU

et » Activation function in output layer: ‘Softmax’
e Optimizer: ‘Adam’

* Loss function: ‘categorical cross entropy’
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Dataset preparation

ta £5
t, +4 Different type of road hazards
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T, : End time when driver stopped driving

t, : event timestamp
* Followed the guideline of Driver and Vehicle Standards Agency (DVSA), UK to identify developing road hazard

e Calculated L1NS, STDP, LPF, saccade rate, fixation rate and median Sl velocity in time window duration of £ 2
secs, £ 3 secs, t 4 secs, and * 5 secs around the instances of each developing hazard and secondary tasks

* Comparative chart between different type of road hazards for the set of driving samples used in our system



Predicted

Results and

analysis

* Accuracy: (T, + Tg + T.)/# of test samples.

+ 2 secs + 3 secs + 4 secs + 5 secs

Training 91.95% 94.62 92.47 84.52%

Test 71.15% 72.44% 70.50% 70.51%

* We found that our model was abled to classify 28 events out of 39 test events
correctly
e Accuracy is 72.44 % with + 3 secs of time window corresponding to road hazards



Conclusion & Acknowledgement

» Cognitive load is estimated
through correlation — not 3 i 8 8=
measured with unit

» Physiological parameters can be
measured and combinations of
different parameters results
better accuracy than individual
parameter

» Cognitive load depends and
varies among situation,
application and individual — a P <
common minimum trend is useful ===
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