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Why Cognitive Load Estimation

• Finite capacity of working memory

• Mental workload

• Stress / Distraction / Boredom

John Sweller
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Cognitive Load Estimation

• Our research estimates 
cognitive load from ocular 
parameters

• Neural processing work at 
a faster level than cognitive 
processing

• Hike in Pupil Dilation is 
correlated to EEG output

• SI or SWJ are clinically used 
to diagnose neurological 
problems like Alzheimer’s 
Disease or Progressive 
Supranuclear Palsy

Pradipta Biswas, I3D Lab, pradipta@iisc.ac.in 4

A Newell, Unified Theories of Cognition

Effect size of each tests to 

find best performance for real-

time implementation



Cognitive Load 
and Ocular 
Parameters



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. 



EEG 

• Electroencephalography ( 1924) 

• Hans Berger

From Wikimedia Commons



PSD Analysis: Frequency bandwidths
Band Frequency (hz) Correlates

Delta <3 Slow wave sleep

Theta 3-7 Memory Creation, 
Hypnagogia

Alpha 8-13 Relaxation, Reflection
Closed Eyes, Intrinsic Focus

Beta 13-30 Active cognition, Intense 
concentration

Gamma 30+ Multisensoring processing, 
Euphoria, High Focus

Mu 8-12
(Over sensorimotor)

Suppression has been 
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 →Working Memory → Processing →
Long term theory ( Schema )

• Limited Capacity ( “Multitasking is a myth”)

• Intrinsic

• Extrinsic

• Germane ( New Schema )



Assessment of Cognitive Load

• 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

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

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, Wróbel, 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, 

I.,2019; Mapelli, I., and Özkurt, T. E. 2019; (Pope, A. 

T.,1995)



Cognitive Load and Task Engagement

Decreasing 
Vigilance, 

Inaattentiveness

Optimal 
Functioning

Poor 
Functioning

Minimal 

Executive 

Function

High cognitive load
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Berka C (2007)

Advanced Brain Monitoring



Task Load Index

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

• ‘Brainbeat’

• Frontal 𝜃 PSD  and Parietal 𝛼 PSD  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

𝜃

𝛼

(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)69 Krause C. et al 200



Engagement Index
𝛽

𝑎+𝜃

𝛽

𝛼

1

𝛼

• 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!

(Corno and Mandinach 1983)
, (Richardson and Newby 2006; Walker et al. 2006)
Pope et al(1995); Freeman (1999)

Berka C (2007)

Coelli S (2015,2018)

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



Automotive Study
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Aviation Study

Pradipta Biswas, I3D Lab, pradipta@iisc.ac.in 28



Human Space Flight Application



How it works - Cognitive Load 
Estimation from Ocular 
Parameters

30



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 × 6)



Average value of parameter corresponding to 
an event



Training and Testing

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



Sample Prediction

[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:

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

• FP= If parameter>threshold and lies in No_task region

• FN=If parameter<threshold and lies in Task region

• TN=If parameter<threshold and lies in No_task region

• Accuracy=(TP+TN)/(TP+FP+TN+FN)



Results -
Individual 
threshold

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

• Compared accuracy individual parameters against that of Neural 
network model to classify
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Results -
Universal 
threshold

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

• Compared accuracy individual parameters against that of Neural network 
model to classify
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Architecture of proposed model

• Model structure: 8 – 160 – 80 – 3
• Activation function in hidden layers: ReLU
• Activation function in output layer: ‘Softmax’
• Optimizer: ‘Adam’
• Loss function: ‘categorical cross entropy’



Dataset preparation 

• Calculated L1NS, STDP, LPF, saccade rate, fixation rate and median SI velocity in time window duration of ± 2 
secs, ± 3 secs, ± 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

• Followed the guideline of Driver and Vehicle Standards Agency (DVSA), UK to identify developing road hazard



Results and 
analysis

A B C

A 𝑇𝐴 𝐸𝐴𝐵 𝐸𝐴𝐶

B 𝐸𝐵𝐴 𝑇𝐵 𝐸𝐵𝐶

C 𝐸𝐶𝐴 𝐸𝐶𝐵 𝑇𝐶

True

Predicted

• Accuracy : (𝑇𝐴 +  𝑇𝐵 +  𝑇𝐶)/# 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 

• Accuracy is 72.44 % with ± 3 secs of time window corresponding to road hazards



Conclusion & Acknowledgement

➢Cognitive load is estimated 
through correlation – not 
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 
common minimum trend is useful
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