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Resumo 

O tamanho da pupila pode ser usado como um importante biomarcador de riscos ocupacionais. 

Nos últimos anos, tem havido um aumento no desenvolvimento de ferramentas de código aberto 

dedicadas à obtenção e medição do diâmetro da pupila. No entanto, a adequação dessas 

ferramentas para serem usadas em ambientes ocupacionais ainda não está clara. Este estudo 

explora a importância da variação do tamanho da pupila como biomarcador de riscos 

ocupacionais e revisa métodos de código aberto existentes para avaliar a sua potencial 

aplicabilidade em pesquisas e ambientes ocupacionais, com o objetivo de prevenir acidentes e 

melhorar a saúde e o desempenho dos trabalhadores. Para isso, foi realizada uma revisão 

sistemática da literatura em duas fases nas bases de dados Web of ScienceTM, Science Direct® e 

Scopus®. Para a relevância de monitorizar a variação do tamanho da pupila em ambientes 

ocupacionais, foram incluídos 15 artigos. Os artigos foram divididos em três grupos: carga mental, 

stresse ocupacional e fadiga mental. Na maioria deles, a dilatação da pupila aumentou com o 

aumento da carga de trabalho e com os níveis mais altos de stresse. No que diz respeito à fadiga, 

à medida que sua intensificação era observada, notava-se uma diminuição no tamanho da pupila. 

Em relação às metodologias de código aberto, foram identificados 16 artigos, que foram 

separados em duas categorias: algoritmos e software. Para os algoritmos, as redes neurais 

convolucionais tiveram melhor desempenho. Considerando o grupo de software e os resultados 

anteriores, o MEYE, que pode usar uma webcam de computador, indica ser a melhor opção de 

sistema de código aberto a ser usado em ambientes ocupacionais. Pode ser implementado para 

trabalhadores com ambientes regulares, como desenvolvedores e administradores. 

 

Palavras-chave:  Rastreamento ocular; Avaliação do tamanho da pupila; Fatores psicológicos; 

Segurança e Saúde Ocupacional.  
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Abstract 

Pupil size can be used as an important biomarker of occupational risks.  In recent years, there has 

been an increase in the development of open-source tools dedicated to obtaining and measuring 

pupil diameter. However, the appropriateness of these tools to be used in occupational settings 

is yet not clear. This study explores the importance of pupil size variation as a biomarker for 

occupational risks and review existing open-source methods to assess their potential 

applicability in research and occupational settings, aiming to prevent accidents and improve 

worker’s health and performance. To this end, a two-phase systematic literature review was 

carried out in the Web of ScienceTM, Science Direct® and Scopus® databases. For the relevance 

of monitoring pupil size variation in occupational settings, 15 articles were included. The articles 

were divided into three groups: mental workload, occupational stress, and mental fatigue. In most 

of them, pupil dilation increased with workload enhancement, and with higher levels of stress. 

With regards to fatigue, as far it was observed its increase, a decrease in pupil size was noticed. 

In what regards to the open-source methodologies, 16 articles were identified, which were 

separated into two categories: algorithms and software. For algorithms, the convolutional neural 

networks had better performance. Considering the software group and the previous results, 

MEYE, which can use a computer webcam, should be the best open-source system option to be 

used in occupational settings. This feature positions MEYE as a particularly practical tool for 

workers in stable environments, like those of developers and administrators. 

 

Keywords:  Eyetracking; Pupil size evaluation; Psychological factors; Occupational Safety and 

Health. 
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1. Introduction 

According to statistics from the International Labour Organization (ILO), every 15 seconds, an 

employee dies as a result of a work-related accident, or due to a disease related to their 

professional activity. This translates to nearly 6,300 deaths per day out of a total of 2.3 million 

deaths per year (OIT, 2023). However, no one should suffer from work-related illnesses or 

accidents (European Commission, 2021). The European Strategic Framework on Health and 

Safety at Work 2021-2027 denotes that the prevention of occupational accidents and diseases 

is an important aspect of the sustainability and competitiveness of the economy of the European 

Union (EU) (European Commission, 2021). Consequently, risk management at organizations must 

prioritize the safety and well-being of workers in all working settings, particularly in the current 

context, characterized by ecological and digital transitions. 

In today's world, the population is assisting to a significant technological transition in several 

occupational settings. The digitization and automation of workstations and processes are 

increasing (European Commission, 2021). At the same time, workers are spending more time 

behind screens, and the cognitive demands of their tasks are also increasing (European 

Commission, 2021). In fact, these developments come with new risks or increasing the existing 

ones. Mental and cognitive risk factors, that can result in occupational illnesses and work-related 

accidents are one of the problems raised by these changes (Bonsang & Caroli, 2021; Kalakoski et 

al., 2020). This was highlighted as one of the three objectives of the EU's Strategic Framework on 

Health and Safety at Work (European Commission, 2021). Therefore, ensuring the mental state 

and cognitive ability of workers is very important for health, safety, and economic reasons.  

A way to address workers’ mental and cognitive status might be through biometric measures, 

such as pupil size. The autonomic nervous system, which is involved in many bodily and 

behavioural operations, regulates pupil size variation (Wangwiwattana et al., 2018). The 

sympathetic system regulates pupil dilation, while the parasympathetic system governs pupil 

constriction. These actions are achieved through the control of eye muscles (Alberdi et al., 2016; 

Kret & Sjak-Shie, 2019; Nguyen et al., 2022; Nurçin et al., 2017).  

Pupil size variation has been reported to be extensively linked to neural activity (Krol & Krol, 

2017).This effect transcends various disciplines, making pupillary monitoring a valuable tool 

employed in numerous fields such as neuroscience, psychology, ophthalmology, and business 

applications, among others (Nguyen et al., 2022). Researchers have employed pupil size as an 

indicator of cognitive workload, attention load, fatigue, and emotional arousal (Nguyen et al., 
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2022). Specifically, during challenging tasks such as short-term memory tasks, pupils tend to 

dilate more (Nguyen et al., 2022). In addition, pupil size varies while people concentrate, focus, 

relax and generally think (Wangwiwattana et al., 2018). Thus, pupil size measurement could be 

used for Occupational Safety and Health (OSH)  (Dalveren et al., 2018; Iqbal et al., 2018). Since 

mental state and cognitive ability of individuals can impact their performance, and consequently, 

the entire system, monitoring it through pupil size can yield valuable insights to prevent human 

errors, improve safety, and increase productivity (Dalveren & Cagiltay, 2018). Furthermore, stress 

is a growing problem in today’s modern society and a part of humans’ daily lives, including the 

workplace (Alberdi et al., 2016), and pupillometry is a procedure that allows to detect stress in real 

time (Graff et al., 2019). When integrated into a system, pupillometry can assist workers in 

recognizing when to pause or seek assistance, as well as alert co-workers to a mental workload 

threshold level or to a stressful situation.  

Furthermore, Computer Vision Syndrome (CVS) is recognized as an occupational problem 

affecting employees who spend more than 3 to 4 hours a day in front of a computer during their 

work week (Coronel-Ocampos et al., 2022; Randolph, 2017; Zenbaba et al., 2021). It is also one of 

the leading occupational hazards of the twenty-first century (Zenbaba et al., 2021), affecting 75% 

to 90% of computer users (Boadi-Kusi et al., 2020; Coronel-Ocampos et al., 2022; Singh et al., 

2022). Therefore, it is crucial to increase public awareness (Boadi-Kusi et al., 2020), find 

indicators to detect possible CVS symptoms, and improve workplace environments for those 

making intensive use of computers (Lapa et al., 2023). These measures are crucial not only to 

minimize causes that reduce occupational efficiency and impact workers’ personal lives as well, 

but also to enhance productivity and workplace wellness (Gomes & Preto, 2015; Randolph, 2017; 

Seguí et al., 2015; Yan et al., 2008; Zayed et al., 2021). Since several of the CVS symptoms are 

eye-related (Blehm et al., 2005; Boadi-Kusi et al., 2020; Lapa et al., 2023; Munshi et al., 2017; 

Reddy et al., 2013) and pupil size changes also impact basic visual functions such as visual 

sensitivity and acuity (Binda et al., 2014), measuring pupil size and detecting its variations could 

be an indicator to help prevent or detect CVS. 

Pupillometry is a non-invasive index that can be obtained without interfering with normal 

behavior, and that has been extensively studied in the literature (see, e.g., Binda et al., 2014; Binda 

& Murray, 2015; Cao et al., 2021). The pupil light response, a well-known reflex in which the pupil 

constricts when exposed to bright light and dilates when exposed to dim light, is an important 

consideration when acquiring pupil measurement data (Gao et al., 2020; Pan et al., 2022). The 
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measurement of pupil diameter and its dynamic variations is subject to certain physiological 

limitations. It is essential for researchers to recognize and account for these limitations in their 

experiments, capturing data in high sensitivity ranges, within optical constrained operational 

limits. By controlling lighting conditions, researchers can regulate the level of ambient illumination 

and minimize potential confounding factors that may influence pupil size. Moreover, manipulating 

lighting conditions offers an opportunity to investigate the specific effects of different lighting 

levels or characteristics on pupil responses to other stimuli. This approach enables researchers 

to fully explore the range of sensitivity of the pupil as a dynamic indicator of other factors. 

Nowadays, pupil measurements are contactless, easily accessible, and objective, requiring only 

minor cooperation from the participant being tested (Kelbsch et al., 2019). Generally, most 

modern pupillary monitoring devices, whether for experiments or those already implemented, 

now use infrared-based eye trackers (Wangwiwattana et al., 2018). Simply put, pupil size can be 

measured using eye-tracking methodology (Bachurina et al., 2022; Kret & Sjak-Shie, 2019). 

Moreover, pupillometry and eye-tracking methodologies offer the notable advantage of 

providing real-time data, enabling inference about an individual's current state or establishing a 

direct relationship between specific stimuli and their corresponding pupil responses. This real-

time capability allows for immediate insights into cognitive and emotional processes as they 

unfold. Furthermore, the cost-effectiveness of this approach is noteworthy as it can utilize a 

simple web camera as an acquisition device for certain applications, reducing the need for 

specialized and expensive equipment.  

Considering recent advancements in pupil diameter monitoring systems, it is crucial to gain a 

deeper understanding of their relevance for OSH and the applicable tools in occupational settings. 

To address this, two primary objectives were established for this study. The first objective is to 

conduct a systematic literature review to understand the importance of pupil size variation in 

OSH. The second objective is to evaluate existing open-source methodologies for acquiring pupil 

size variation data. The aim is to consolidate and discuss these findings in a single work to provide 

a comprehensive understanding. 

1.1. Research Question 

Understanding the impact of occupational risks on workers’ health and safety is of paramount 

importance for organizations, regulatory bodies, and OSH practitioners. Traditional methods of 

risk assessment often rely on self-report measures or subjective evaluations, which may be 

prone to biases or limitations. The measurement of pupil size has gained attention as a potential 
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objective and real-time measure of cognitive workload, mental stress, and attentional demands. 

Based on the PICO framework (Population, Intervention, Comparison, Outcome) the following 

research question was formulated: “In working populations exposed to occupational risks, does 

the measurement of pupil size predict or correlate with adverse health outcomes, cognitive 

performance, or safety accidents?” By critically analysing and synthesizing the available 

evidence, this review aims to provide insights into the potential role of pupil size measurement as 

an indicator of occupational risks and its implications for workers health and safety in 

occupational settings. Despite some drivers exerting professional activities, they are out of the 

scope of this research. 

2. Material and Methods 

The current systematic review was conducted following the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Page et al., 2021). The review was 

carried out in two phases, aligning with the defined primary objectives to this study. 

2.1. Search strategy 

The query was refined from December 10th of 2022 to the 15th of January 2023, and independent 

searches were conducted in selected electronic databases to find relevant articles published in 

the previous ten years (2012-2022): Web of ScienceTM, Science Direct®, and Scopus®. The 

search was carried out using the keywords described in Table 1 that were selected through the 

Medical Subject Headings website. These keywords were searched in all fields for phase 1, as it is 

the main objective of the review. For phase 2, the keywords were searched in the article fields of 

title, keywords, and abstract, once it was the secondary goal of the study. 

Due to the limitation of eight boolean connectors, in Science Direct® the keywords applied were 

fewer. For phase 1 the defined search equation was ("Pupil Size" OR "Pupillometry") AND ("Health" 

OR "Safety" OR "Accidents" OR "Human error") AND ("Occupational" OR "Job") NOT ("Drivers"). For 

phase 2 the search was made with ("Pupil Size" OR "Pupillometry" OR "Pupil Variation") AND 

("Open source" OR "Open-source" OR "Web app"). 
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Table 1 – Keywords for the review research. 
P

ha
se

 

1 and 2 Pupil size 
AND 

“Pupil Size” OR “Pupillometry” OR “Pupil size estimation” OR “Pupil 
dilation” OR “Pupil diameter” OR “Pupil detection” OR “Pupil 
Segmentation” OR “Pupil measurement” OR “Pupil constriction” OR 
“Pupillary response” OR “Pupil Variation” OR “Pupillography”  

1 

Safety and Health 
AND “Health” OR “Safety” OR “Mental Health” OR “Accidents” OR “Human error” 

Occupational 
Settings 

“Occupational” OR “Job” OR “Work” OR “Industry” OR “Job site” OR 
“Workplace” OR “Work place” OR “Worker” OR “Employee” OR 
“Occupation” OR “Operators”  

NOT “Drivers” OR “Traffic” OR “Children” OR “Infants”  
2 Open source “Open source” OR “Open-source” OR “Web app” 

 

2.2. Eligibility criteria 

Exclusion criteria were established: 1) Date of publication: articles prior to 2013 were excluded; 2) 

Type of document: non-review articles were selected to reduce the likelihood of using repeated 

sources; 3) Language: articles not in English were removed. The fourth and final exclusion 

criterion differed between the phases, based on their respective objectives. For phase 1, the 

criterion was that articles should establish a relationship between pupil size variation and OSH, 

removing those that were inconsistent with the relationship. For phase 2, the criterion involved 

removing studies that did not provide a description of the methodology used to obtain pupil size 

variation values. 

2.3. Screening criteria 

After the initial search, in both phases, the first to third exclusion criteria were applied using 

database automatic tools. Then, search results were exported to EndNote® X9 software where 

duplicates were identified and removed. Subsequently, the articles underwent a screening 

process. The fourth exclusion criterion was manually done. Initially, the titles of articles were 

examined for relevance. Secondly, abstracts were screened, giving particular importance to the 

study aims and methodology. Finally, full text articles were retrieved for those studies appearing 

to meet the eligibility criteria, and for those where the information in the title and abstract was 

insufficient for exclusion (see Figure 1 and Figure 2).  

2.4. Quality assessment 

The quality of the studies included in phase 1 was evaluated using the Mixed Methods Appraisal 

Tool (MMAT) Version 2018 (Hong et al., 2018). The user guide provided instructions on the 

appropriate section to be applied in the articles and explained the questions to assess a correct 
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answer. According to this guide, if one or both screening questions were answered with a "No" or 

"Can’t tell", the article was not appraised using the MMAT. In this review, none of the included 

articles met these criteria (see Appendix 1), allowing for the use of the MMAT for all phase 1 

articles. For each included study, the appropriate category was defined using the user guide’s 

algorithm for selecting the study categories in the MMAT. Upon evaluation, the studies were 

classified under the third category "Quantitative non-randomized" specifically as either "Before-

and-after study Time series" or "Non-randomized cross-over design". As a result, questions from 

the third category were consistently applied across all included studies. Although calculating an 

overall score from the ratings is discouraged, only one category was employed in this case. 

Therefore, the articles were categorized as low, medium, or high quality based on the number of 

"No" and "Can’t tell" responses. No assessment of article quality was conducted in phase 2 as it 

was not the primary objective of the review but rather a compilation of existing methodologies. 

3. Results 

3.1. Relevance of pupil size for OSH 

Initially, 1311 articles were selected after applying criteria one to three (Figure 1). Before 

proceeding to the fourth criterion analysis, 83 duplicate articles were excluded, resulting in 1228 

titles.  Based on the last exclusion criterion, 1142 titles were discarded. Thus, 86 abstracts were 

analyzed, and following the same premise, 40 articles were further excluded. The remaining 46 

articles were examined in full. In this last evaluation, 19 articles did not specify the workgroup or 

type, leading to their exclusion. Additionally, five articles that involved random degree-seeking 

students as a sample and three articles that focused on a specific group of students without work 

experience were also discarded. One article, although having a clear workgroup as a sample, did 

not present a clear relationship between the factors and pupil size variation, and was therefore 

rejected. Furthermore, one article was removed as it represented a duplicate experiment with the 

same conclusions already included in a different journal. Moreover, two articles could not be 

accessed in full and were consequently excluded as well. 

The articles included in this phase are described in Tables 2 to 4, providing details such as the 

sample size, evaluation methods, and their relationship to pupil size variation. For further 

analysis, the articles were categorized into three groups: workload, stress, and fatigue. The 

quality assessment of this phase is presented in detail in Appendix 1  

Various brands of eye trackers were utilized among the studies included in this review. These 

brands include SensoMotoric Instruments (SMI) (Bertilsson et al., 2020; Cabrera-Mino et al., 
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2019; Couceiro et al., 2019; Y. Wu et al., 2019) (25%), Tobii Technology (Bhavsar et al., 2016; Gao 

et al., 2019; Naeeri et al., 2021; Naskrent et al., 2022; Othman & Romli, 2016; Sharma et al., 2021; 

Szulewski et al., 2017; C. Wu et al., 2020; Zhang et al., 2018) (56%), and VisionTrak (Mazur et al., 

2013; Mosaly et al., 2013) (19%). 

 

 

Figure 1: Flow diagram of study selection for systematic review about the relevance of pupil size 

for OSH. 

Records (title and abstract) 
screened 
(n = 1311) 

Records excluded: 
Duplicates (n = 83) 
C4: relationship between pupil 
size variation and occupational 
health and safety not 
established 
C4 – by title (n= 1142) 
C4 – by abstract (n=40) 

Reports assessed for eligibility 
(n = 46) 

Reports excluded: 
Didn’t specify a work group or 
type (n = 19) 
Didn’t specify a work group or 
type and had random degree-
seeking students (n = 5) 
Specific group of students with 
no work experience  
(n =3) 
Not a clear relationship between 
pupil size variation and risk 
factor (n=1) 
Duplicate experiment with the 
same conclusions (n=1) 

Studies included in review 
(n = 15) 

Sc
re

en
in

g 
In
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Records identified from: 
Web of Science (n=362) 
Science Direct (n=81) 
Scopus (n=918) 

Identification of studies via databases 

Records identified from: 
Web of Science (n=453) 
Science Direct (n=521) 
Scopus (n=1831) 

Records removed with automatic 
tools before screening: 

C1: date of publication 
Web of Science (n=67) 
Science Direct (n=321) 
Scopus (n=443) 
C2: type of document 
Web of Science (n=23) 
Science Direct (n=118) 
Scopus (n=449) 
C3: language 
Web of Science (n=1) 
Science Direct (n=1) 
Scopus (n=21) 
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tif
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3.1.1.          Workload 

The group of studies presented in Table 2 examines the relationship between workload and pupil 

size variations. The experiments were conducted with different professionals, including 

physicians, plant operators, pilots, nurses, programmers, engineers, and harvesting operators. 

The use of pupillometry measurements to establish a relationship between workload and task 

performance has been explored in previous studies. Othman and Romli (2016) utilized 

pupillometry to assess mental workload in pilots and observed a correlation between an increase 

in workload and a decrease in task performance. They correlated NASA-TLX questionnaire 

results with pupil dilation, finding that pupil increases with workload enhancement.  

Variation of workload measured through pupillometry across tasks with different difficulty levels 

was also analyzed in several of the selected studies. Couceiro et al. (2019) investigated workload 

in programmers using pupillography and NASA TLX questionnaire, they concluded that pupil 

dilation increases with task difficulty. Y Wu  et al. (2019) and C Wu et al. (2020) studied workload 

in nuclear power plant operators and robotic surgical tasks, respectively, using NASA-TLX 

questionnaire and eye-tracking measurements to detect workload variations across different 

task difficulty levels. In these studies, pupil diameter and gaze entropy were used, in Y Wu et al 

(2019) both measures rose as task level difficulty increased, while in C Wu et al (2020) only gaze 

entropy had significant correlations with workload. Sharma et al. (2021) analyzed workload in 

ultrasound operators and observed changes in pupil diameter related to task phases. The pupil 

diameter grew larger with workload, after the first freeze task. The workload was related to the 

task but not to the experience. Naskrent et al. (2022) compared mental workload in different 

timber harvesting operations and found slightly higher workloads and pupil dilations during felling 

operations.  

Pupillometry was also applied to assess cognitive load under stressful situations. Szulewski et al. 

(2017) explored cognitive load with Paas questionnaire (Paas, 1992) and pupillometry in 

physicians, observing higher cognitive load and larger pupil diameter in novices compared to 

experts. Also, Cabrera-Mino et al. (2019), compared novice and expert nurses' stress and 

workload levels, finding higher pupil dilation and cognitive load in novices.  Bhavsar et al. (2016), 

by studying plant operators, observed an increase in pupil dilation when cognitive load increased 

during alarm situations. 
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Table 2  – Summary of studies that analysed the relationship of a workload and pupil size variation. 
Reference Sample 

Evaluation method 
Relation with pupil size 

Subjective Objective 

(Mazur et al., 2013) 
9 radiology physicians 

(4 experient professors and 5 
residents) 

National Aeronautics and 
Space Administration Task 

Load Index (NASA-TLX) 
questionnaire 

Samples at 60 Hz, were taken with a head-
mounted VisionTrak eye-tracking device 

(Massachusetts, United States of America) 

No correlation was found between 
the average pupil diameter and the 

NASA-TLX scores 
(Mosaly et al., 2013) 

8 radiology physicians 
(3 experienced professors and 5 

residents) 

(Bhavsar et al., 2016) 44 plant operators Not measured Samples at 120 Hz were made with Tobii 
Technology (Danderyd, Sweden) 

Pupil dilation increases with 
workload enhancement 

(Othman & Romli, 
2016) 

13 pilots with commercial aircraft 
experience. 

NASA-TLX questionnaire Samples at 50 Hz were taken with Tobii Glasses 
2.0 (Danderyd, Sweden) 

(Szulewski et al., 
2017) 

32 physicians with resuscitation 
medicine experience (13 novices; 9 

senior residents; 10 experts) 

The psychometric mental 
effort questionnaire 

developed by Paas (1992) 

Samples at 30 Hz were obtained with the Tobii 
Glasses Eye Tracker (Danderyd, Sweden) 

(Zhang et al., 2018) 
16 laparoscopic surgeons and 

medical students with laparoscopic 
experience. 

NASA-TLX questionnaire 

Eye tracking signals were captured with Tobii 
Glasses 2.0 (Danderyd, Sweden) 

(Couceiro et al., 2019) 

30 experienced programmers in 
Java programming language (12 

intermediate; 14 advanced; 4 
experts). 

Samples of 20 Hz were taken with a 
SensoMotoric Instruments (SMI) eye tracker 

(Berlin, Germany) 

(Gao et al., 2019) 
24 postgraduate students with 

laparoscopic surgery training and 
clinical practice experience. 

Samples at 50 Hz were taken with Tobii Glasses 
2.0 (Danderyd, Sweden) 

(Y. Wu et al., 2019) 39 engineers (32 nonexperts and 7 
experts) 

Samples at 50 Hz were taken with the iView X 
head-mounted eye-tracking device (SMI, 

Germany) 

(C. Wu et al., 2020) 8 surgical trainees who participated 
in robotic skills training 

Samples at 50 Hz were taken with Tobii Glasses 
2.0 (Danderyd, Sweden) 

Pupil diameter had no significant 
correlation with NASA-TLX scores 

(Sharma et al., 2021) 12 obstetrics physicians (3 newly 
qualified and 9 experienced) 

Not measured 

Samples of 90 Hz were taken with a Tobii Eye 
Tracker (Danderyd, Sweden) 

Pupil dilation increases with 
workload enhancement (Naskrent et al., 

2022) 
24 experienced operators, 6 for each 

cutting variant 
Samples were taken with Tobii Glasses 2.0 

(Danderyd, Sweden) 
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Other studies related both subjective measures (e.g. NASA TLX) and objective measures 

(pupillometry) to the task workload. In the field of radiology, Mazur et al.  (2013) and Mosaly et al. 

(2013) investigated workload in physicians and found differences under different workloads 

between cases when subjective measures were applied, but not when objective measures were 

used. In opposite, studies on laparoscopic surgeons, conducted by Zhang et al. (2018) and Gao et 

al. (2019), identified increases in pupil diameter as indicators of workload, with NASA-TLX scores 

showing similar patterns.  

3.1.2.  Stress 

Two studies focused on stress as a risk factor to work performance. In both cases authors used 

pupil diameter as a biomarker for stress. Cabrera-Mino et al. (2019) found that novices showed 

higher stress responses than experts in four out of six tasks, as indicated by larger pupil dilation.  

 

Table 3 - Summary of studies that analysed the relationship of stress and pupil size variation. 

Reference Sample 
Evaluation method 

Relation with pupil size 
Subjective Objective 

(Cabrera-
Mino et al., 

2019) 

13 novice nurses 
(near graduation 
students) and 15 

expert nurses (>5 
years of clinical 

experience). 

Not measured 

Video capture was 
obtained with ETG's 

(SMI) software 
version 2.7 at a rate of 
24 Hz audio and 1280 

x 960 video 
resolution. The pupil 

diameter was 
measured at a rate of 

60 Hz 

The rise in stress and 
workload is significantly 

related to higher pupil 
dilation 

(Bertilsson 
et al., 2020) 

10 police officers 
with at least 5 

years of 
experience with 

fieldwork 

Two or three Go-
ProTM 3.0 cameras 

recorded 
participants' actions 

(including sound) 
and specialists rated 

participants' 
performances with 

self-made 
questionnaire of the 

study 

Heart rate and body 
posture were 

recorded with Zephyr 
Bioharned® 2.0 

(Annapolis, USA). 
Pupil diameter was 

obtained with an SMI 
eye tracker (Berlin, 

Germany) at a 
sampling rate of 30 

Hz 

The pupil diameter is 
larger for threats that 

appear immediately when 
compared to threats that 

appear with delay. The 
average size of the pupil 

was not significantly 
different during moderate 

threat tasks when 
compared with higher 

threat tasks. Repeating 
tasks decreases pupil 
diameter significantly 

 

Bertilsson et al. (2020) examined police officers' responses to stress and concluded that 

subjective and objective evaluations of performance were concordant. The study found that task 

repetition led to improved performance and a significant decrease in pupil diameter. In terms of 

threat levels, high-threat situations significantly affected motor control performance, while 
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biomarkers did not differ significantly between moderate and high stress levels. Immediate 

threats resulted in larger pupil diameter and lower perception skill scores compared to delayed 

threats. The findings suggest that pupil activity, along with heart rate, can serve as a reliable 

physiological marker for recording and assessing stress levels. 

3.1.3.  Fatigue 

A single article that related pupil size with fatigue levels was identified. In that study involving 

pilots, Naeeri et al. (2021) correlated fatigue  with eye-tracking measures. The authors found that 

expert pilots had faster reaction times and better performance compared to novices in the 

psychomotor vigilance test (PVT). Eye movement measures showed a decrease in eye fixation 

and pupil size over the flight, with novices exhibiting a higher rate of pupil size decrease. Eye 

fixation duration positively correlated with PVT measures, while pupil size and eye fixation 

number had a negative association. The study suggests that eye movement measures could be 

used as an alternative to the PVT for assessing pilot fatigue. 

 

Table 4 - Summary of studies that analysed the relationship of fatigue and pupil size variation. 

Reference Sample Evaluation method Relation with pupil size 

(Naeeri et 
al., 2021) 

20 pilots (10 
novices and 10 

experts) 

The PVT measures were assessed using the 
Psychology Experiment Building Language 

software, version 0.13. And eye tracking data 
was collected with the Tobii TX 300 eye 

tracker (having a 300 Hz data collection rate 
with 0.5 degrees of visual angle accuracy) 

Pupil size decreases with 
fatigue augment 

3.2. Open-source methodologies for pupil size analysis 

Of the 51 articles held for further evaluation after the first three criteria, 20 were duplicates that 

were eliminated. Based on the fourth criterion, nine articles were excluded after reviewing their 

titles. Subsequently, 22 abstracts were screened, resulting in the exclusion of 10 articles. Among 

the remaining 12 articles that were assessed in full, one was excluded because it did not provide 

a description of the methodology used to obtain pupil size variation values (fourth exclusion 

criterion). From the final set of 11 articles, an additional five articles were retrieved and included in 

the review. The total of 16 included articles was further categorized into two groups: algorithms 

and software (Tables 5 and 6, respectively). 
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3.2.1.  Algorithms 

Eight of the articles selected for this phase concerned algorithms that enable pupil size detection 

(Figure 2). The methodology to do so and some detection rates with a 5-pixel error are described 

in Table 5, along with the reference and algorithm name. Regarding the mean detection rate 

percentage presented, the means were calculated as shown in Appendix 2. 

 

 

Figure 2:  Flow diagram of study selection for systematic review about pen-source 

methodologies for pupil size analysis. 

Records (title and abstract) 
screened 
(n = 51) 

Records excluded: 
Duplicates (n = 20) 

C4: did not describe the 
methodology used to obtain 
pupil size variation values 
C4 – by title (n= 9) 
C4 – by abstract (n=10) 

Reports assessed for eligibility 
(n = 12) 
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C4 (n = 1) 
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(n = 5) 
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C1: date of publication 
Web of Science (n=2) 
Science Direct (n=1) 
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C2: type of document 
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Table 5 - Summary of studies that address the algorithms to determine pupil size variation. = Applies; = Does not apply; NM = Not measured. 
Reference System Grayscale images 1 Approach basis  Curve edge detection/filtering 3 LSFE5 CHT6 S. DR 7 E. DR 8 EE. DR 9 

(Fuhl, Kübler, et al., 2015) ExCuSe 

 

Edge and Thresholding 
   

86,17% 79,20% 57,07% 

(Javadi et al., 2015) SET Thresholding 
   

63,0% NM 25,87% 

(Fuhl, Santini, et al., 2015) ElSe Edge 
   

82,0% 79,39% 70% 

(Santini, Fuhl, & 
Kasneci, 2017) 

PuRe Edge 
   

80% 88% 76% 

(Santini et al., 2018) PuReST Edge 
   

86% 88% 79% 

(Vera-Olmos et al., 2018) DeepEye DCNN 
   

54% 85% 87% 

(Bonteanu et al., 2019) PDA Thresholding 
   

NM 82,44% NM 

(Eivazi et al., 2019) CNN-BPD CNN 
   

74% 88% 87% 
1 Input 
2 Utilization of values to refine image (binarization) or definition of dark and 
bright masks 
3 Curve edges detection, selection or/and filtering 

4 Least square fitting to ellipse 
5 Circular Hough Transformation 

6 Detection rate with 5 pixel error on Swirski (2012) dataset* – Highly off-axis images 
7 Detection rate with 5 pixel error on ExCuSe  XII dataset (ExCuSe)* – Images with bad ilumination 
9 Mean detection rate with 5 pixel error of ExCuSe and ElSe datasets* 
*This measures were taken from only two studies (with decimals from (Fuhl, Santini, et al., 2015), integers from 
(Eivazi et al., 2019)) to prevent significant differences regarding used CPUs. 
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The ExCuSe algorithm outperformed other methods, utilizing the least square fitting to an ellipse 

(LSFE) technique. The SET algorithm showed superior performance in outdoor and laboratory 

image settings. ElSe algorithm performed well by applying edge filtering and selecting curved 

lines for ellipse fitting. PuRe algorithm reconstructed the pupil using multiple processing stages, 

achieving detection rates over 60%. PuReST algorithm improved upon PuRe by incorporating 

tracking methods. DeepEye, a deep convolutional neural network (DCNN), outperformed other 

algorithms by generating a circular mask to represent the pupil circle. The PDA algorithm, based 

on the circular Hough transform (CHT), achieved high detection rates in all datasets. 

The algorithms were tested in challenging datasets with many forms of noise, such as images 

that were highly off-axis, eyelashes, reflections, bad illumination, contact lenses, mascara, 

shifted contact lenses, recording errors, and a pupil at the image border. Additionally, Table 6 

provides comparisons among the included algorithms in this review. It is worth noting that 

algorithms not reviewed here, but that were tested, are not included in the table. 

In Table 6, it is evident that the ExCuSe algorithm was the most frequently compared, as four of 

the seven algorithms (excluding itself) included a comparison with ExCuSe. Therefore, ExCuSe 

(Fuhl, Kübler, et al., 2015) serves as a reference for pupil detection. 

Table 6 - Compared algorithms in the performance evaluation tests. Gray shading = no 

comparison done. White shading with an “x” = comparison done. 

Algorithms ExCuSe SET ElSe PuRe PuReST DeepEye PDA CNN-BPD Total ** 

R
ef

er
en

ce
 S

ys
te

m
 ExCuSe         0 

SET         0 
ElSe x x       2 

PuRe x        1 
PuReST         0 
DeepEye x  x      2 

PDA x        1 
CNN-BPD   x x x x   4 

Total * 4 1 2 1 1 1 0 0  
*Number of comparisons with the algorithm; **Number of presented algorithms compared with the system in the study. 

3.2.2. Software 

The software category includes articles in which a software was defined for pupil size 

measurement as one of the extracted first order metrics, regardless of whether any hardware is 

used or indicated to be used with the described software. In this group, eight articles were 

included. Table 7 presents some characteristics of the software, such as the system name, first 

order metrics, pupil size methodology, kinds of images that can be used (videos or real-time 
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images), and types of cameras suitable for real-time image methodology (external devices, head-

mounted, or computer webcams). 

Within this group the experimental set-up or the evaluation tests were performed on human 

participants (Bianchetti et al., 2013; Kassner et al., 2014; Santini, Fuhl, Geisler, et al., 2017), on 

human datasets (Kumar et al., 2019; Yiu et al., 2019; Zandi et al., 2021), on human and mouse 

subjects (Arvin et al., 2021) or on human and mouse datasets (Mazziotti et al., 2021). 
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Table 7 – Summary of studies that address systems to determine pupil size. = Applies; = Does not apply; NR – Not relevant. 

Reference System 
1st order 
metrics Pupil size methodology 

Images For real-time images: cameras 
Videos Real-time External Head-mounted Webcam 

(Bianchetti 
et al., 2013) 

Blik Gaze; Pupil 
size 

1. RGB image converted to grayscale 
2. Spatial filtering with Gaussian masks – noise reduction 
3. Thresholding and segmentation 
4. Area filtering and abnormal pupils’ exclusion 
5. Circularity filter is defined 

     

(Kassner et 
al., 2014) Pupil 

Gaze; Pupil 
size 

1. Conversion the image to grayscale.  
2. Curve edge detection/filtering 
3. Ellipse fitting      

(Santini, 
Fuhl, Geisler, 
et al., 2017) 

EyeRecToo 
Gaze; 

Pupil size Else, the default, ExCuSe, Swirski, and Starburst can be used.  
  

 

  
 

  

(Yiu et al., 
2019) 

DeepVOG* 
Gaze; 

Pupil size 
Blink 

1. Probabilistic output prediction 
2. Small gaps filling 
3. Biggest perimeter extraction 
4. Ellipse fitting 

 

  
NR NR NR 

(Kumar et al., 
2019) 

Name not 
defined 

Pupil size 
1. Curve edge detection/filtering 
2. Thresholding – binary image 
3. Small gaps filling of the pupil   

NR NR NR 

(Arvin et al., 
2021) EyeLoop Pupil size 

1. Engine: detects the pupil and corneal reflexes 
2. Modules: import or extract data from the engine 

   

    
(Zandi et al., 

2021) 
PupilEXT Pupil size Starburst, Swirski, ExCuSe, Else, PuRe, and PuReST can be used. 

   

    

(Mazziotti et 
al., 2021) 

MEYE* Pupil size; 
Blink 

1. Map of characteristics construction 
2. Spatial resolution reducing 
3. Probability map of pixels for pupil size determination        

*Convolutional Neural Network methods 
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Blick (2013) is a tabletop and low-cost pupillometer-eye tracker. It achieved a phase rate of up to 

30 frames per second (fps) and a maximum error in pupil diameter determination of 0.05 mm. 

The algorithm involved image processing steps, including grayscale conversion, histogram 

equalization, noise reduction with Gaussian masks, thresholding, blob labeling, area filtering, 

polygon pupil approximation, and circularity filtering. 

Pupil (Kassner et al., 2014) demonstrated an accuracy of 0.6 degrees under ideal conditions, with 

a precision of 0.08 degrees and a phase rate of up to 30 fps with 0.124 seconds of latency. It 

employed infrared light illumination and utilized the Canny edge filter, dark-pupil detection, 

reflection removal, ellipse fitting, and combinatorial search to obtain the pupil size. 

EyeRecToo (Santini, Fuhl, Geisler, et al., 2017) is an open-source software for a real-time head-

mounted eye tracking system. It integrated supervised and unsupervised calibration approaches 

and employed algorithms such as Else, ExCuSe, Swirski, and Starburst for pupil detection and 

ellipse fitting. With mean angular errors of 0.82 and 0.59 degrees, respectively, the higher latency 

for time-consuming operations observed was under 0.010 seconds. Its performance was 

obtained in an experiment with five human subjects. 

DeepVOG (Yiu et al., 2019) utilized a fully connected convolutional neural network (FCNN) to 

generate a probabilistic output prediction. The algorithm involved steps such as binarization, 

morphological operations, contour extraction, and ellipse fitting to obtain the pupil contour and 

size. It got a mean dice coefficient of 0.96, a median Hausdorff distance of 2.8 pixels and a latency 

of 0.017 seconds. The Hausdorf distance (unit: [pixel]) calculates the greatest pupil contour 

distance between prediction and manual labelling, while the dice coefficient computes the 

overlap between predicted and manually marked regions of the pupil (range: 0 to 1, with 1.0 

showing flawless overlap). 

Kumar et al. (2019) presented a technique for evaluating pupillary light reflex using infrared and 

white light illumination. The algorithm involved pupil edge detection, binarization, infrared LED 

reflection removal, and pupil margin identification. 

EyeLoop (Arvin et al., 2021) comprised an engine and modules for pupil and corneal reflex 

detection. It involved phases such as corneal reflection selection, gaussian kernel-based 

processing, contour detection, point matrix filtering, and fitting models to parameterize the shape. 

PupilEXT (Zandi et al., 2021) offered a flexible platform for high-resolution pupillometry. It 

incorporated six different algorithms, including Starburst, Swirski, ExCuSe, Else, PuRe, and 
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PuReST, for pupil detection and ellipse fitting to obtain pupil size. This platform exhibited a 

measurement accuracy of 0.0059 mm on a 30 fps rate phase. 

MEYE (Mazziotti et al., 2021) is a web application for real-time pupillometry that employed three 

CNN models: mini-UNet, DeepLabv3+/ResNet-50, and DeepLabv3+/Lite-MobileNet-V3-

Small. In their comparison mini-UNet displayed the best dice coefficient, of 0.84. MEYE has a 

latency of 1 second. The algorithm used filters and selection layers to extract features from input 

data, followed by high-level reasoning layers for pupil size determination and blink detection. 

Three of the softwares (Arvin et al., 2021; Bianchetti et al., 2013; Zandi et al., 2021) can be used 

with external cameras (including eye trackers), and one of them (Kassner et al., 2014) was 

designed for head-mounted cameras. Similarly, another one (Santini, Fuhl, Geisler, et al., 2017) 

can either use head-mounted cameras or the computer webcam. Lastly, MEYE was designed to 

operate with the webcam. 

To measure pupil size, EyeRecToo and PupilEXT use some of the algorithms included in this 

review, such as ExCuse and ElSe. Additionally, Blik, the Kumar et al (2019) system, and Pupil use 

self-made algorithms. On the contrary, DeepVOG and MEYE use CNN methodologies. 

4. Discussion 

4.1. Relevence of pupil size for workload measurment 

Results of this study showed that pupillometry can be used to determine mental workload in 

occupational settings, by replacing in some cases subjective measurements. In fact, self-rated 

mental effort has been the most widespread method for evaluating mental workload and 

continues to be widely used (Leppink & Pérez-Fuster, 2019). Questionnaires, such as NASA-TLX, 

are commonly employed subjective measures in the literature to assess mental workload 

(Derouin & Salway, 2018; Matthews et al., 2015). However, evaluating mental workload in real 

occupational settings can be challenging due to the arbitrary and often invasive nature of 

conventional measures (Matthews et al., 2015; Zheng et al., 2022). In this regard, eye tracking 

provides a non-intrusive method for monitoring mental activity and collecting data (Zheng et al., 

2022). Pupil diameter has been frequently associated with measuring mental workload 

(Pauszek, 2023). In this review six out of nine studies have shown statistically significant 

correlations between subjective and objective measures of mental workload, suggesting that eye 

tracking indices can either replicate or substitute subjective methods, which are widely accepted 

for workload assessment. 
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However, it is important to note that while pupillometry has shown applicability in assessing 

workload, there have been discrepancies in the findings of some studies regarding the correlation 

between pupil dilation and questionnaires scores (Mazur et al., 2013; Mosaly et al., 2013; C. Wu et 

al., 2020). These discrepancies were related to various factors, which could be considered as 

limitations when using pupil size as a measure of cognitive workload in occupational settings. The 

lighting environment may be one of the reasons, in particular poor illumination conditions and 

rapid changes in illumination, since it affects pupil size obtention (Holmqvist et al., 2022). Another 

explanation for the lack of correlation is related to individual differences or the misconception of 

considering workload as a single latent concept, as proposed by Matthews et al. (2015). Other 

characteristics that need to be taken into consideration when interpreting the results is the 

sample size. In this regard, the studies that found no correlation between objective and subjective 

measures (Mazur et al., 2013; Mosaly et al., 2013; C. Wu et al., 2020) had the smallest samples, all 

with fewer than or equal to eight participants, which could also explain why no correlation was 

found.  

To address the illumination limitation and overcome the challenges encountered in real-time 

images (Bozomitu et al., 2019), the detection rates of the reviewed algorithms were compared 

using both the ElSe and ExCuSe datasets, that include images with a wide range of challenges. 

Regarding bad illumination conditions, the reviewed algorithms PuRe, PuReST, and CNN-BPD 

perform equally, showing an 88 % detection rate. When comparing the performance of the 

algorithms in highly off-axis images, ExCuSe and PuReST algorithms have the best detection rate 

percentage. Thus, PuReST outperformed the others considering these two challenges. However, 

the ExCuSe and ElSe datasets comprehend more images and more challenges, and both CNN 

algorithms, DeepEye and CNN-BPD, had the highest detection rate of 87 %, outperforming the 

other algorithms, including PuReST, that presented 79 %. Thus, CNN-based algorithms seem to 

be the best methodology to detect and measure the pupil. It is important to note that despite the 

fact that both studies, from which detection rates were taken, were performed at different CPU 

powers, they both measured ElSe performance. It presented a deviation of 1,11 % when comparing 

both means, which was considered nonsignificant for this review. Therefore, all the detection 

rates were directly compared. 

The algorithms presented used various methods to define and locate the pupil size, which is a first 

order data as reviewed elsewhere (Sharafi et al., 2020). LSFE is the most commonly used 

technique to fit an ellipse to the pupil. According to Bozomitu et al. (2019) LSFE is numerically 
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stable, fast, and exact. The key disadvantage is that the identified ellipse may not be the best 

geometrical model of the eye pupil in the case of outlier points. This can happen due to noisy 

frames and nonuniform or variable illumination conditions. These scenarios can lead to large 

mistakes in pupil centre coordinate identification.  

Furthermore, in the study by Wu et al. (2020), gaze entropy demonstrated a significant 

correlation, suggesting that increases in gaze entropy corresponded to higher perceived 

workload. This finding is crucial as it demonstrates that not only pupil size, but also other eye 

metrics should be utilized to assess workload more accurately (Pauszek, 2023). 

Ergo, objective, non-invasive measures, such as pupil size with eye tracking technologies, can be 

used to assess workload in substitution for subjective, more invasive measures, such as NASA-

TLX and the Paas scale. It is important to mention that they can also be used together. However, 

subjective measures are dependent on workers' ability to provide accurate descriptions, which 

can be lower or higher than reality, and objective measures are dependent on physiological 

behaviors, which are harder to forge (Matthews et al., 2015). 

Regarding the four articles that did not assess subjective workload, Bhavsar et al. (2016) and 

Cabrera-Mino et al. (2019) found a statistical correlation between pupil size and workload. These 

emphasizes the usage of pupil size to measure workload. On the other hand, Sharma et al. (2021) 

and Naskrent et al. (2022) directly employed eye tracking metrics, including pupil size, to directly 

measure workload. In all of these studies, as well as those where a correlation between subjective 

and objective measures was to some extent described, pupil dilation consistently increased with 

workload enhancement. Accordingly, the same relationship was verified before in other studies 

such as Ahmad et al (Ahmad et al., 2020) and Liao et al (2021). 

In view of the above, the majority of workload studies indicate an increase in pupil dilation with 

higher workload, accompanied by a decrease in pupil size variation (the pupil remained dilated) 

during periods of increased workload. In addition, some of the studies (Mazur et al., 2013; Mosaly 

et al., 2013; Othman & Romli, 2016), the performance of the workers was also evaluated and 

compared with workload. Majorly it was seen that performance declined with workload 

enhancement.  Likewise, literature states that workload negatively and significantly affects 

performance (Aliyyah et al., 2021) . In some of the studies, not only performance but also 

experience was evaluated (Cabrera-Mino et al., 2019; Sharma et al., 2021; Szulewski et al., 2017). 

Mainly inexperienced or less experienced workers showed higher workloads. However, in Mazur 

et al (2013), the residents showed higher workloads on task-wise pooled data than faculty 
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physicians, but no other significant differences were found regarding experience. In contrast, in 

Mosaly et al (2013), experience did not affect workload, and in Gao et al 2019), no significant 

differences were seen. These findings indicate that workload can be higher for experts or 

newcomers depending on the task or work type. So, the level of experience matters but differs in 

impact depending on the job or task evaluated. This goes in line with Zheng's findings that 

experienced, and novice workers show different patterns to achieve the same goal in 

manufacturing and logistics (Zheng et al., 2022). 

The evaluation method for objective measurements varied a lot. Three studies used Tobii Glasses 

2.0 at a sampling rate of 50 Hz. Five studies used other Tobii Technologies eye trackers with 

different sampling rates, from 30 Hz to 120 Hz. As stated above, two studies used VisionTrak 

Technologies, both with 60 Hz samples. Lastly, three other studies used SMI eye trackers with 

sampling rates of 20 Hz, 50 Hz, and 60 Hz. This wide range of sampling rates does not seem to 

affect the results. Additionally, two of the studies didn’t provide sampling rate acquisition, and 

therefore no interpretation was made when comparing them to the other studies. 

4.2. Relevance of pupil size for stress evaluation 

In terms of stress, two studies (Bertilsson et al., 2020; Cabrera-Mino et al., 2019) evaluated it 

objectively, both consistently showing that pupil size increases with higher stress levels, which 

aligns with the literature (Pauszek, 2023). They both used SMI technologies with different 

sampling rates, which once again presents the possibility of sampling rate alterations not 

affecting the results. However, more analysis on sampling rates needs to be done for this to be 

certain. For instance, the same work group or type should be evaluated with the same eye tracker 

in the same experiment setup with different sampling rates for a more conclusive interpretation 

and comparison. 

Studies about stress were too much less to the ones about workload. Well, there is no accepted 

gold standard for workload measurement, and it has been brought into question whether other 

variables, like stress, might be the ones being measured using subjective techniques (Szulewski 

et al., 2017). Therefore, to address this issue, objective measures may be more suitable 

(Matthews et al., 2015).  

4.3. Relevance of pupil size for fatigue assessment 

In respect to fatigue, only one study was included in this review. Nonetheless, in this study (Naeeri 

et al., 2021) pupil size decreased with fatigue augment. In fact, fatigue augmentation is 



 22

accompanied by a decrease in pupil size, as demonstrated in previous studies (see, e.g., 

Hopstaken et al., 2015; Bertlisson et al., 2020). This shows that pupil size is an important metric 

to be applied in occupational safety, since it is one of the most important sources of human errors 

(Bhavsar et al. , 2016). Addicionally, it is important to note that fatigue is related to the time and in 

short time experiences the results can be not significative. In Zhang et al. (2018), the authors 

mentioned fatigue and concluded that because of their short experience, they could not assess 

the influence of fatigue. This remark is coherent with Naeeri et al. (2021), because fatigue 

increases with time, so short-term evaluations should not be appropriate to measure this risk 

factor. Naskrent et al. (2022) stated that long working shifts combined with high monotony (task 

repetition) can increase fatigue and also stated that stress affects the rate at which fatigue is 

developed. Likewise, in Wu et al (2020), the authors measured the percentage of eyelid closure 

(blink) and discussed, based on the literature, that it was linked to fatigue. This also shows other 

eye metrics can be used to assess fatigue. 

Moreover, this review revealed that while many experiments used eye tracking technologies in 

laboratory settings, only a few studies evaluate cognitive workload, stress and fatigue in real-

world field settings. These findings are consistent with another recent review conducted by 

Zheng et al. (2022). Furthermore, attention is another commonly analyzed risk factor related to 

occupational accidents; however, several studies that initially explored the relationship between 

attention and pupil size were excluded from this review due to a lack of defined workgroups, as 

they involved random participants in laboratory environments. 

4.4.  Quality analysis of phase 1 studies 

Regarding the quality of the studies analysed for relevance of pupil size for OSH, significant 

limitations were observed in the included studies, particularly in terms of population 

representation, complete outcome data, confounder consideration, and intended exposure. On 

the overall score, all studies passed the screening questions and were included in the evaluation. 

In terms of appropriate measures, 100% of the studies received a positive score, indicating that 

they utilized appropriate measurement techniques. However, when considering the 

representation of the population, the studies received a negative score (No - N - or Can't Tell - CT) 

of 73.3%. This suggests that the included studies did not adequately capture the diverse 

characteristics of the target population. Only a small proportion of the studies (20%) provided 

comprehensive data on the outcomes being assessed, resulting in a low score for complete 

outcome data. Additionally, confounding factors, which could potentially influence the observed 
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outcomes, were only partially considered, as indicated by a score of 60% for confounder 

consideration. Moreover, the intended exposure received a score of 6.7%, indicating that only a 

limited number of studies provided a clear and precise description of the exposure under 

investigation. Consequently, based on these scores, one study was evaluated as high quality, 

another as low quality, and the remaining studies were considered medium quality. The studies 

are mostly medium quality, with noticeable negative scores on the representation of the 

population. This is due to participants being volunteers, the lack of explanation for 

inclusion/exclusion criteria, or significant differences in group sizes. Another aspect that 

received unfavourable responses was the consideration of confounding circumstances. Several 

researchers included participants with varying degrees of experience/education, which is a 

potential confounder that was not adequately addressed in the study's quality assessment. The 

experiments were conducted in the same manner for all individuals, but control procedures such 

as stratification, regression, matching, standardization, or inverse probability weighting were not 

applied at the statistical level. These findings highlight the need to address these limitations in 

future research to ensure more robust and reliable findings. 

4.5. Open source softwares to measure pupil size variations 

The best interest of this review is to point out some software that can be used in occupational 

settings to assess the analysed risk factors in real time. DeepVOG and Kumar et al (2019) system 

cannot be used in real-time images but were included for contrast. The systems whose pupil size 

detection and measurement methodologies that were not CNN-based presented different 

evaluation data. Kumar et al (2019) system and EyeLoop do not provide maximum error in 

diameter, accuracy, or latency. Therefore, they were not included in the following considerations. 

The other systems were discussed depending on the comparable measures presented. 

Blik has a maximum error in the diameter of the pupil of 0,05 mm, which is higher than PupilEXT's 

error of 0,0059 mm. This difference could be due to the fact that Blik was tested on a small 

sample of subjects in real time, while PupilEXT was tested on a dataset that had more subjects 

and was offline. Nevertheless, PupilEXT offers more than one algorithm for pupil detection and 

measurement, in contrast with Blik, which has only one algorithm. Thereby, PupilEXT could be 

used as a system for external camera inputs.  

Pupil had 0,6 degrees of accuracy and 0,124 seconds of latency, while EyeRecToo had 0,82 

degrees of accuracy and 0,010 seconds of latency. Thus, EyeRecToo outperformed Pupil. Since 

they both were evaluated in real-time images, the difference in the results probably arises from 
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the fact that EyeRecToo has four different algorithms to detect and measure the pupil whereas 

Pupil has only one methodology. Also, the sample size is larger in Pupil (8 subjects) than in 

EyeRecToo (5 subjects), which could implicate less variations in EyeRecToo results. This way, 

EyeRecToo could be used as a system for head-mounted camera inputs. 

Regarding the CNN methods, while DeepVOG had a 0,96 mean dice coefficient and a latency of 

0,017 seconds, MEYE had 0,84 dice coefficient and a latency of 1 second. Comparing these 

results, DeepVOG showed the best performance, but it can only be used in offline images, which 

explains the best scores. MEYE had more challenging images because they used human and 

mouse datasets to test it. 

In conclusion, since CNN methods have better performance and DeepVOG cannot be used in real-

time images, MEYE should be the best open-source system to be used in occupational settings. 

Once MEYE uses the webcam to acquire the inputs, it should be very useful when applied to office 

workers and every worker who spends more than three hours in front of the computer. For other 

jobs that do not require a computer but have a designated work environment, such as production 

line operators, forklift truckers, pilots, and any kind of driver, a system with external cameras 

(PupilEXT) should be the best choice. Not discarding a system with head-mounted cameras 

(EyeRecToo) for this type of worker. Finally, for workers that do not have a designated spot to 

work, such as high-rise building window cleaners, construction workers, and many more, the 

system with head-mounted cameras (EyeRecToo) seems more appropriate. It is better to use 

head-mounted cameras that are integrated into glasses because they are more comfortable, less 

intrusive, and can be worn with other technologies (Pauszek, 2023). 

Other systems for detection and measuring pupil size could exist and outperform the ones here 

presented, since the review methodology used did not search the keywords in all fields for phase 

2. This method was chosen because it was not the main goal of this review to extensively assess 

all the methodologies existent. Instead, this review aimed to provide some options for user-

friendly software that could be further implemented in the worker environment to improve OSH. 

5. Limitations 

Regarding the relevance of pupil size for OSH, only one study was reviewed for fatigue. However, 

several articles on fatigue and another mental and cognitive conditions, such as attention, were 

sorted and discarded. This highlights the scale of studies that were excluded because they were 

conducted in laboratory settings rather than in real working settings. 
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When considering open-source methodologies for pupil size analysis, it is worth noting that 

runtime comparisons could have provided valuable insights into algorithm performance. 

However, conducting such comparisons would have required evaluating all algorithms using a 

consistent CPU and programming language across studies. Unfortunately, none of the reviewed 

articles compared all the algorithms or employed the same versions of algorithms in a uniform 

programming language. Consequently, the discussion of runtime as a measure was not feasible 

within the scope of this analysis. 

6. Conclusion 

This systematic review aimed to understand whether pupil size could be used as an indicator for 

occupational risks and which technologies could measure it and be implemented in the worker's 

environment. The findings from the reviewed studies demonstrate that eye tracking metrics, 

including pupil size, can be utilized to assess workload, stress, and fatigue. It became clear that 

pupil size increases with workload and stress enhancement and that the trend is for pupil size to 

decrease upon fatigue augmentation.  

Despite the many methodologies that exist, CNN-based algorithms appear to be the most 

effective technique for identifying and measuring the pupil. Thus, MEYE, which is CNN-based, 

was the best-performing system considering real-time image acquisition and therefore the one 

recommended. 

Notwithstanding, this review pointed out that pupil size is not the only eye metric that could be 

used as indicators of occupational risks. Therefore, eye tracking systems with many metrics are 

useful to maintain or improve OSH. Consequently, performance and production should improve 

as well.  Additionally, as the analysed studies encompassed diverse workgroups, the insights 

gained can be broadly applied in different occupational settings. Therefore, implementing these 

measures in the workplace, such as in forklifts, trucks, computers, or safety equipment, can be 

useful to effectively prevent accidents and enhance workers’ health, safety and performance. 

Through timely alerts, both workers and responsible parties can be made aware of their mental 

and cognitive state, facilitating proactive intervention. 
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Appendixes 

Appendix 1 - Quality assessment result for phase 1 with quantitative non-randomized studies sector 

from mixed methods quality assessment tool. 

 References S1 S2 3.1 3.2 3.3 3.4 3.5 Quality 

Workload 

(Mazur et al., 2013) Y Y N Y Y N Y Medium 
(Mosaly et al., 2013) Y Y N Y Y N Y Medium 

(Bhavsar et al., 2016) Y Y CT Y Y NA Y Medium 
(Othman & Romli, 

2016) 
Y Y N Y Y NA Y Medium 

(Szulewski et al., 
2017) Y Y CT Y Y N Y Medium 

(Zhang et al., 2018) Y Y CT Y Y N Y Medium 
(Couceiro et al., 

2019) 
Y Y N Y Y N Y Medium 

(Gao et al., 2019) Y Y N Y Y NA Y Medium 
(Y. Wu et al., 2019) Y Y N Y Y N Y Medium 
(C. Wu et al., 2020) Y Y N Y N NA N Low 

(Sharma et al., 2021) Y Y N Y Y N Y Medium 
(Naskrent et al., 

2022) Y Y Y Y Y NA Y High 

Stress 

(Cabrera-Mino et al., 
2019) 

Y Y Y Y N N Y Medium 

(Bertilsson et al., 
2020) 

Y Y Y Y N NA Y Medium 

Fatigue (Naeeri et al., 2021) Y Y Y Y Y N Y Medium 
Total of negative (N and CT) 

answers 0 0 11 0 3 9 1  

S1. Are there clear research questions?; S2. Do the collected data allow to address the research questions?; 3.1. Are the 
participants representative of the target population?; 3.2. Are measurements appropriate regarding both the outcome 
and intervention (or exposure)?; 3.3. Are there complete outcome data?; 3.4. Are the confounders accounted for in the 
design and analysis?; 3.5. During the study period, is the intervention administered (or exposure occurred) as intended? 
Y – Yes; N- No; CT – Can’t Tell; NA – Not applicable. 
Quality rating (Considering 3.1 to 3.5): High: 0 N or CT; Medium: 1 or 2 N or CT; Low: 3 or more N or CT 
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Appendix 2 – Detection rates with 5-pixel errors measured for ExCuSe (I-XVII) and ElSe (XVIII-XXIV) 

datasets. 

 Algorithms 

Dataset SET (%) 1 
ExCuSe 

(%) 1 
ElSe (%) 1 ElSe (%) 2 

PuRe  

(%) 2 

PuReST 

(%) 2 

DeepEye 

(%) 2 

CNN-BPD 

(%) 2 

I 10,27 70,95 85,52 86 87 89 86 90 

II 43,76 34,26 65,35 65 29 48 83 88 

III 12,23 39,44 63,6 64 73 77 93 88 

IV 4,03 81,58 83,24 83 89 90 93 93 

V 18,08 77,28 84,87 85 87 87 97 97 

VI 10,3 53,18 77,52 78 89 91 93 94 

VII 2,19 46,91 59,51 60 68 73 84 81 

VIII 36,67 56,83 68,41 68 54 60 87 89 

IX 10,2 74,6 86,72 87 91 91 92 91 

X 57,62 79,76 78,93 79 90 90 92 94 

XI 23,51 56,49 75,27 75 88 87 94 97 

XII 56,11 79,2 79,39 79 88 88 85 88 

XIII 33,4 70,26 73,52 74 85 80 79 83 

XIV 46,27 57,57 84,22 84 88 89 96 97 

XV 38,29 52,34 57,3 57 62 71 89 77 

XVI 57,17 49,49 59,95 60 79 66 82 87 

XVII 91,04 77,99 89,55 90 95 95 95 96 

XVIII 1,32 22,24 50,86 57 68 69 74 75 

XIX 4,75 26,45 33,04 33 48 53 78 46 

XX 3,2 52,37 67,9 78 83 86 92 89 

XXI 2,29 43,54 41,47 47 70 81 88 89 

XXII 1,91 27,93 48,98 53 62 72 80 76 

XXIII 55,43 93,86 94,34 94 97 93 96 100 

XXIV 0,94 45,21 52,97 53 60 65 55 73 

Mean 25,87 57,07 69,27 70,38 76,25 78,79 86,79 86,58 
1 Results from (Fuhl, Santini, et al., 2015) 
2 Results from (Eivazi et al., 2019) 
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Appendix 3 – Proof of submission. 

 


