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Abstract  

Air Traffic Controllers (ATCOs) face varying taskload (TL) conditions in their daily 

work, with both low and high TL linked to elevated fatigue. Moderate TL is generally 

considered preferable; however, the effects of short work phases with different TL 

conditions on fatigue remain unclear. This study investigated N = 18 ATCOs using a 

within-subjects and counterbalanced design. Participants completed three 40-minute 

simulator runs, each under different TL conditions (low, moderate, high). Fatigue was 

assessed through self-rated (Stanford Sleepiness Scale), behavioural (Psychomotor 

Vigilance Task), and physiological (eye tracking, electrocardiography) measures. The 

results indicate higher self-rated fatigue after a low TL condition compared to a high 

TL condition. For behavioural measures, no differences in performance were 

observed across conditions. Regarding physiological measures, the lowest 

electrocardiography values were found in the high TL condition, which might indicate 

elevated cognitive activation. In eye tracking data, the longest blink durations and 

highest blink frequencies were observed in the low TL condition, potentially 

reflecting fatigue. Overall, based on self-reported and physiological measures, it may 

be cautiously concluded that low TL is more strongly associated with fatigue in 

ATCOs than high TL. 

  Introduction 

What constitutes too much or too little taskload (TL)? One could argue that it depends: 

on the situation, the type of task, the individual, or even the time of day. The implicit 

understanding is that there is a given optimum. While excessive TL can lead to 

overload and performance deterioration, low TL can result in underload which, 

ironically, can also lead to performance deterioration (May & Baldwin, 2009). 

Transferring this idea to safety-critical systems such as air traffic control (ATC), 

an optimal TL should be aimed for to ensure performance. Air Traffic 

Controllers (ATCOs) are responsible for monitoring air traffic. The primary objective 

is to ensure safety by intervening in cases of collision trajectories and improving 

system efficiency (ICAO, 2007). Depending on the volume of traffic or the 

complexity of the situation, low to high TL conditions may arise daily. An assumed 

outcome of both low and high TL could be (mental) fatigue, which might have an 

impact on ATCO performance and impair safety in turn. Thus, this work aims on 

investigating the effect of three incrementing TL conditions on fatigue in ATC.     
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  Background 

The daily work of ATCOs is characterized by fluctuating TL conditions. While some 

work episodes are rather calm with a low TL, others are quite demanding due to a 

high degree of TL. Overall, TL is defined as the level of difficulty an individual faces 

while completing a task (Jazzar et al., 2022). Transferred into ATC, TL relates to the 

interplay of traffic volume and complexity. Traffic volume varies related to time, 

demand, geographical, or regulatory conditions. Typically, there is more traffic during 

the daytime, with peak periods (rushes) and significantly less traffic during nighttime. 

As a result, TL fluctuations are common throughout shifts. Overload (high TL) and 

underload (low TL) should be avoided, as both extremes might be associated with 

performance consequences. Both high and low TL may lead to fatigue, which is 

theorized as active and passive task-related fatigue (May & Baldwin, 2009). 

According to the authors, active task-related fatigue arises during high task demands 

that require continuous effort, leading to performance decline due to sustained TL. In 

contrast, passive task-related fatigue occurs in low-demand situations, where 

underload and lack of stimulation reduce alertness and engagement over time. 

Typically, the Yerkes-Dodson Law is referenced to describe the potential relationship 

between TL and performance, assuming an inverted-U curve. However, this 

oversimplifies human behaviour and effects, carrying the risk of the misconception 

that a simple increase in TL would lead to increased performance (Corbett, 2015). For 

ATC, this relationship between TL and fatigue is still unclear.  

Fatigue is a frequent topic of debate in the aviation industry that is generally 

understood as a multifaceted phenomenon, often conceptualized as a subjective 

feeling (Christodoulou, 2012). Moreover, fatigue is characterized as a temporal 

mental state that has a substantial impact on cognitive functioning and 

neurobehavioural performance (Dorrian et al., 2000). Higher reaction times (RT), 

more frequent attentional lapses, and reduced cognitive speed are common operational 

consequences that, in turn, lead to impaired system safety (FAA, 2013). Fatigue stems 

from various factors related to physiological needs, biological rhythms, and task 

conditions (Caldwell et al., 2009). Thus, the task can have an impact on fatigue, which 

is backed by literature. Results indicate that ATCO fatigue seems to be associated 

with TL (Chen et al., 2021). Another field study found a positive association between 

traffic volume (indicating higher TL) and increased fatigue (Tomic & Liu, 2017; 

Zhang et al., 2021). Furthermore, theories suggest that a low TL is associated with 

reduced arousal, which creates boredom and a lack of motivation, ultimately leading 

to an increased perception of fatigue (Edwards et al., 2017). It needs to be noted, that 

the overall findings are weak. Only a few studies investigated the relationship between 

TL and fatigue in ATC so far. From an operational point of view, a balance between 

high cognitive demand and avoidance of sedentary work is aimed for. During 

operations, most ATC organizations apply dynamic sectorization, which refers to a 

dynamic change of the area of responsibility (sector) per ATCO. With this, the TL is 

balanced out and peaks can be avoided, which may act as fatigue countermeasure in 

turn (Nealley & Gawron, 2015).  
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The aim of this study is to investigate the extent to which ATCOs are subject to task-

related fatigue, considering fatigue resulting from low or high TL as explained by 

May and Baldwin (2009). Inspired from Yerkes-Dodson's U-shaped curve, we expect 

a ‘knee’ point where the TL is neither too high nor too low, resulting in a minimum 

of task-related fatigue. 

So far, studies on fatigue in ATC relied primarily on subjective data (Bongo & Seva, 

2022; Chen et al., 2021). None have systematically examined the existence of such a 

U-curve-shaped behaviour of task-related fatigue in ATC. In this study, a moderate 

TL condition serves as a reference point, which should induce the least fatigue. By 

including three TL conditions, this study provides a more comprehensive examination 

of the relationship between TL and fatigue, extending earlier research that focused on 

only two TL levels.  

  Methods 

This study used a cross-sectional, within-subject design with repeated measures. 

Human-in-the-loop simulations were conducted in a Thales TOPSKY training 

simulator with N = 18 licensed ATCOs. The sample varied in age (M = 46.1 years, 

SD = 8.57) and professional experience (M = 19.7 years, SD = 8.67). There was an 

equal number of male (n = 9) and female (n = 9) participants. Each study day included 

two participants; one tested in the morning and the other in the afternoon. As the 

overall study measurement took half a working day, participants worked operationally 

during the other half. Only day shifts were included, as most participants were 

available during daytime hours. Each participant completed all three task load 

conditions (low, moderate, high) in a within-subject, counterbalanced design to 

minimize sequence effects. Ethical approval was granted by the Swedish Ethical 

Review Authority (2023-06110-01). 

  Conditions 

The study utilized established operational training scenarios based on historical traffic 

situations, with each run lasting approximately 40 minutes. All conditions used were 

originally developed for training purposes and were selected by operational experts. 

The low TL condition featured minimal aircraft movements and low complexity. The 

moderate TL condition, resembling daily operations, had significantly more flight 

movements with still manageable complexity. The high TL condition included even 

more traffic and complexity to levels that are rarely encountered in real operations. 

  Questionnaires and measurements 

Self-rated, behavioural and physiological measures were applied. The self-rated and 

behavioural methods were included in a software. To self-rate fatigue, the Stanford 

Sleepiness Scale (SSS; Hoddes et al., 1972) was applied. The SSS consists of a single 

item asking for the momentary sleepiness on a scale from one to seven with a higher 

score indicating higher fatigue. As behavioural method, a three-minute version of the 

Psychomotor Vigilance Task (PVT-B; Basner et al., 2011; Dinges & Powell, 1985) 
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was used. The PVT-B is a RT task, which requires the participant to react as quickly 

as possible to a repetitive stimulus. Higher RTs indicates higher fatigue. The RT was 

recorded in milliseconds (ms), while a RT > 500 ms was counted as lapse and a 

RT < 200 ms was counted as false start. Lapses and false starts were extracted from 

the data set for a separate analysis. For analyses, the reciprocal RT (inverted RT, 

1/RT), slowest 10% of all 1/RTs (slowest 10% RT) and the fastest 10% of all RTs 

(fastest 10% RT) were used, according to Basner et al. (2011). The physiological 

methods used were eye tracking (ET) and electrocardiography (ECG). For ET, a 

screen-mounted Smart Eye XO with a sampling rate of 250 Hz was used. These ET 

metrics were selected for analyses:  

• Blink Duration (BD, in ms), conceptually similar to PERCLOS (Percentage of 

Eyelid Closure), as both measure the extent of eyelid closure over time.  

• Blink Frequency (BF, per minute), number of blinks occurring per minute. 

• Blink Opening Speed (BOS, left/right in m/s), mean eyelid reopening velocity 

during a blink.  

• Blink Closing Speed (BCS, left/right in m/s), mean eyelid closing velocity during 

a blink. 

The movisens EcgMove 3 with two adhesive electrodes on the chest was used for the 

ECG measurement. This enabled a single-channel ECG signal recording with a 

sampling rate of 1024 Hz. Heart rate variability (HRV) represents fluctuations in the 

time intervals between consecutive heartbeats. It is an indicator of autonomic nervous 

system activity, reflecting physiological responses to task demands and stress. HRV 

was analysed based on the meanRR parameter in ms, which, put simply, reflects the 

mean time between consecutive heartbeats (Li et al., 2021). A picture of the training 

simulator is given in Figure 1.  

 

Figure 1. Training simulator, working position. The main radar screen in the centre with the 

ET system attached to the screen. 

  Experimental Procedure  

After welcoming the participant to the simulator and providing a short briefing, the 

ECG was attached and a baseline PVT-B and SSS was conducted. This was done to 

ensure no fatigue differences at study begin. In sequence, the eye tracker was 

calibrated, and the first simulation session was started, either with a low, moderate or 
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high TL condition. After the first run, a post PVT-B and SSS closed the first 

simulation round. After a break of 30 minutes, the same procedure was applied for 

two more rounds to cover all conditions. The HR sensor was worn throughout the 

entire measurement day and participants were asked to fill in the socio-demographic 

questionnaire during a break. A flowchart of the study procedure is given in Figure 2. 

 

Figure 2. Flowchart of the experimental procedure.  

  Data Analysis  

Data was analysed using linear mixed-models (LMM) and generalized linear mixed 

models (GLMM) in RStudio (version 4.4.1) with the package lme4 (Bates et al., 

2015). The models for LMM were run with t-tests according to Satterthwaite method, 

and the model parameters were estimated using Restricted Maximum 

Likelihood (REML). The emmeans package (Lenth, 2024) was further used for post-

hoc contrasts. The p-values were adjusted using the Tukey method. With the setting 

of “pbkrtest.limit = Inf”, the Kenword-Roger method (Kenward & Roger, 1997) was 

used to estimate the degrees of freedom. To select the model with the best fit, the AIC 

was fitted with the package MuMIn (Bartoń, 2024). Diagrams were created using 

packages ggplot2 (Wickham, 2009) and cowplot (Wilke, 2015).  

  Results 

  Self-Rating 

The mean SSS values were compared between the TL conditions and are shown in 

Figure 3. The highest values were found for low TL (M = 3.06, SD = 1.16, 

Range = 1 - 6), followed by moderate TL (M = 2.5, SD = 1.25, Range = 1 - 5) and 

high TL (M = 2.39, SD = 1.09, Range = 1 - 4).  

Statistical analysis revealed differences between the TL conditions (F(2, 34) = 4.02, 

p = .03). Post hoc contrast analysis between all conditions indicated a significant 

contrast for low to high TL, with a large effect size (Table 1). 

Table 1. Contrast table self-rating (SSS) per condition, with effect sizes. 

Contrast Estimate SE df t p d 

low - moderate 0.56 0.25 34 2.21 .08 - 

low - high 0.67 0.25 34 2.65 .03* 0.88 

moderate - high 0.11 0.25 34 0.44 .99 - 

Note. Significance level: < .05 = *, < .01 = **, < .001 = ***. d = Cohen’s d with > 0.8 large; > 0.5 

medium; > 0.3 small 



66 Peukert, Stumpf, & Meyer 

   

 

 

Figure 3. Mean SSS values per TL condition. Error bars indicate SD. The x-axis indicates the 

three conditions (low, moderate and high). Note that the SSS ranges from 1 (indicating “Feeling 

active, vital, alert, or wide awake”) to 7 (indicating “Almost in reverie; sleep onset soon; lost 

struggle to remain awake”), but only values from 1 to 4 are shown here for graphical reasons. 

  Behavioural  

PVT parameters were analysed separately. For false starts, a total of n = 45 events 

were recorded, distributed across TL conditions as follows: low TL (n = 14), moderate 

TL (n = 11), and high TL (n = 20). The distribution is shown in Figure 4 (a). For mean 

1/RT, an overall mean of M = 3.05 ms (SD = 0.40, n = 2478) was found. The highest 

mean was observed under low TL (M = 3.06 ms, SD < .001), followed by high and 

moderate TL (both M = 3.05 ms, SD < .001). Figure 4 (b) shows the mean values per 

TL condition. For slowest 10% 1/RT, an overall mean of M = 3.50 ms (SD = 0.49, 

n = 340) was found. The highest mean was observed under low TL (M = 3.51 ms, 

SD = 0.06), followed by moderate TL (M = 3.50 ms, SD = 0.04) and high TL 

(M = 3.50 ms, SD = 0.03). Figure 4 (c) shows the mean values per TL condition. For 

fastest 10% RT, the overall mean was M = 288.5 ms (SD = 27.72, n = 340). The 

highest mean was observed under low TL (M = 289.15 ms, SD = 2.41), followed by 

moderate TL (M = 288.65 ms, SD = 2.61) and high TL (M = 287.52 ms, SD = 1.91). 

Figure 4 (d) shows the mean values per TL condition.  

Statistical analysis revealed no differences between the TL conditions for false 

starts (F(2, ∞) = 1.52, χ2 = 3.05, p = .22), 1/RT (F(2, 16.99) = 0.04, p = .96), slowest 

10% 1/RT (F(2, 321.51) = 0.05, p = .95) and fastest 10% RT (F(2, 320.39) = 0.04, 

p = .96).  
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Figure 4. Total false starts (a), Mean 1/RT in ms x 1000 1/RT (b), slowest 10% 1/RT in ms x 

1000 (c) and fastest 10% RT in ms (d) per TL condition. Error bars indicate SD. The x-axis 

indicates the three conditions (low, moderate and high). 

 

  Physiological  

ECG. Data from n = 3 participants were excluded due to low signal quality. One 

participant's data was usable for only one condition for the same reason. Descriptive 

statistics for the remaining n = 15 revealed an overall mean value of 

M = 893.6 ms (SD = 113.72) for all data samples (n = 43). The highest value was 

found for moderate TL (M = 907.01 ms, SD = 5.23), followed by low (M = 904.62, 

SD = 4.30) and high TL (M = 871.81 ms, SD = 4.80). Figure 5 shows the mean values 

per TL condition. 

Statistical analysis of the HRV revealed differences between the TL conditions (F(2, 

13.34) = 5.47, p = .02). Post-hoc contrasts analysis indicated a significant contrast for 

moderate to high TL, with a large effect size (Table 2).  

Table 2. Contrast table HRV per TL condition, with effect sizes. 

Contrast Estimate SE df t p d 

low - moderate 16.8 12.8 13.3 -1.31 .41 - 

low - high 33.2 14.2 13.4 2.34 .08 - 

moderate - high 50.0 15.3 13.8 3.27 .01* 1.63 

Note. Significance level: < .05 = *, < .01 = **, < .001 = ***. d = Cohen’s d with > 0.8 large; > 0.5 

medium; > 0.3 small 
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Figure 5. HRV (meanRR in ms) per TL condition. Error bars indicate SD. The x-axis indicates 

the three conditions (low, moderate and high). 

ET. For BD, the overall mean was M = 338.92 ms (SD = 90.67, n = 26,360). The 

highest mean was observed under low TL (M = 359.80 ms, SD = 0.92), followed by 

moderate TL (M = 338.58 ms, SD = 0.98) and high TL (M = 310.12 ms, SD = 0.90). 

The proportion of blinks exceeding the typical range of 100–400 ms was highest under 

low TL (n = 2734), followed by moderate TL (n = 1505) and high TL (n = 780). 

Figure 6 (a) shows the mean values per TL condition. For BF, the highest mean was 

observed under low TL (M = 15.11 blinks per minute, SD = 0.35), followed by 

moderate TL (M = 11.49 blinks per minute, SD = 0.35) and high TL (M = 9.81 blinks 

per minute, SD = 0.27). Figure 6 (b) shows the mean values per TL condition. 

Statistical analysis revealed differences between the TL conditions for BF (F(2, 

16.16) = 35.61, p = <.001) and BD (F(2, 16.66) = 20.87, p = <.001). For BF, post-hoc 

contrast analysis between all conditions indicated significant contrasts for low to 

moderate and low to high TL, with large effect sizes. For BD, post-hoc contrast 

analysis indicated significant contrasts between all conditions, with a medium effect 

size (Table 3) 

Table 3. Contrast table for BD and BF and TL condition, with effect sizes. 

Parameter Contrast Estimate SE df t p d 

BD low - moderate 17.4 5.49 16.7 3.17 .02* 0.22 

 low - high 42.0 6.50 17.9 6.46 < .001*** 0.54 

 moderate - high 26.6 5.92 17.6 4.16 < .01** 0.31 

 

BF low - moderate 3.45 1.06 16.9 3.26 .01* 0.86 

 low - high 4.86 0.58 16.2 8.32 <.001*** 1.20 

 moderate - high 1.41 0.89 17.0 1.58 .28 - 

Note. Significance level: < .05 = *, < .01 = **, < .001 = ***. d = Cohen’s d with > 0.8 large; > 0.5 

medium; > 0.3 small 
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Figure 6. Mean BD in ms (a) and BF as number of blinks per minute (b) per TL condition. 

Error bars indicate SD. The x-axis indicates the three conditions (low, moderate and high). 

  

 

Figure 6. Mean BCS left in m/s (a), BCS right in m/s (b), BOS left in m/s (c) and BOS right in 

m/s (d) per TL condition. Error bars indicate SD.  

Secondly, the mean values per TL condition for BOS left, BOS right, BCS left and 

BCS right were analysed. The overall mean of BOS left was M = 0.2 m/s (SD < 0.001, 

n = 25375) and the overall mean of BOS right was M = 0.2 m/s (SD = 0.01, n = 24894). 

The TL conditions showed almost the same mean for both BOS left and right (each 

M = 0.2 m/s, SD < .001). The mean values per TL condition are shown in Figure 6 (a-
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b). The overall mean of BCS left was M = 0.61 m/s (SD = 0.03, n = 25375). The 

highest value was found for high TL (M = 0.62 m/s, SD < 0.01), followed by low and 

moderate TL (both M = 0.61 m/s, SD < 0.01). The overall mean of BCS right was 

M = 0.61 m/s (SD = 0.03, n = 24894). The TL conditions showed almost the same 

mean for BOS right (each M = 0.61 m/s, SD < .001). The mean values per TL 

condition are shown in Figure 6 (c-d).  

Statistical analyses indicated no differences for BOS left (F(2, 13438.99) = 0.646, 

p = .52) BOS right (F(2, 5004.96) = 1.097, p = .33), BCS left (F(2, 22955.98) = 1.262, 

p = .28) and BCS right (F(2, 9741.61) = 0.005, p = .99). 

 

  Discussion 

Overall, differences were found in self-rated fatigue as well as in ET- and ECG-related 

parameters across conditions. However, no significant differences were observed in 

behavioural measures. 

For self-rated fatigue, significantly higher values were found after the low TL 

condition compared to the high TL condition. As the mean SSS score for low TL 

exceeded the value “3”, this can be considered an indication of elevated fatigue (Berry 

& Wagner, 2014). This means, that the underload condition was associated with 

fatigue on a subjective level. While high TL is assumed to be linked with increased 

fatigue as well, as modelled by May and Baldwin (2009), the present results do not 

support this for self-rated fatigue. No differences for high TL compared to low or 

moderate were found, which is contrary to literature (Boksem & Tops, 2008; Nealley 

& Gawron, 2015). It remains unclear whether the high TL condition failed to induce 

overload due to insufficient TL (e.g., too little to do, or condition that was too short), 

or the high TL led to increased cognitive activation instead of overload. According to 

MacLean et al. (1992), the SSS captures two dimensions: sleepiness and activation. It 

is possible that participants focused more on activation for the high TL condition, 

resulting in low SSS values. Interestingly, Boksem and Tops (2008) note that fatigue 

following high TL work is strongly associated with the task reward. Put simply, 

subconscious analysis of costs and benefits performing a task may result in feelings 

of fatigue. Adapting to ATC, providing safety is surely well rewarding and operators 

are motivated to do so. This might have prevented elevated self-rated fatigue 

following high TL, even in a simulated environment.  

For behavioural performance, no significant differences were found. Neither RTs nor 

false starts or lapses showed statistical differences across conditions. This contrasts 

with previous findings, which have reported increased RTs being associated with 

fatigue (Peukert et al., 2024) and higher TL (Arsintescu et al., 2020). The three-minute 

version of the PVT was applied, primarily for efficiency reasons. While this shorter 

version has been shown to be sufficient to differentiate between sleep deprived and 

alert subjects (Benderoth et al., 2021), it may not be sensitive enough to detect TL-

related fatigue changes, as previously argued for the SSS. The PVT-B primarily 
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measures vigilance, which can be affected by fatigue but is perhaps conceptually more 

influenced by circadian factors. Like the SSS, the PVT-B may not be the most suitable 

instrument for capturing TL-related fatigue, as it perhaps measures sleep-related 

fatigue as outlined by May and Baldwin (2009). Alternatively, the conditions may 

have been too short to induce measurable effects on the PVT-B. Thus, the original 10-

min PVT should be considered. Coming back to any subconscious processes outlined 

earlier, motivational effects due to the reward value of a task might have influenced 

the findings (Boksem & Tops, 2008). Again, as providing safe services this might 

have led to increased effort in the PVT-B, independent of the preceding TL condition.  

For ECG, on a descriptive level, the highest HRV values were observed in the 

moderate TL condition. High HRV is typically associated with relaxation (Oberhofer, 

2024), which may suggest that the moderate TL condition provided best working 

conditions and cognitive load. Statistically, a significant difference was found 

between the moderate and high TL conditions, indicating reduced HRV during the 

high TL condition. Lower HRV appears to be linked to increased mental activation, 

perhaps triggered by the higher traffic volume and complexity in the high TL 

condition. Previous findings indicated an association between reduced HRV and 

impaired attentional performance (Luque-Casado et al., 2013). The results align with 

the interpretation of the SSS with more activation resulting from high TL. 

For ET, BD was longest in the low TL condition, followed by the moderate and high 

TL conditions. This can be interpreted as indications of fatigue induced by the TL 

condition, aligning with previous findings (Hu & Lodewijks, 2020; Lemetti et al., 

2023; Stern et al., 1994). For BF, the results show highest BF during the low TL 

condition, followed by the moderate and high TL condition, consistent with literature. 

Faure et al. (2016) reported a reduced BF under higher task complexity. In line with 

the HRV findings, shortened BD and reduced BF could indicate physiological 

activation. Regarding BCS and BOS, no differences were observed across the 

conditions. This is consistent with previous evidence, critically discussing BCS as 

indicator of increased fatigue (Hu & Lodewijks, 2020). The ET device featured 

250 Hz, which was perhaps insufficient. Alternatively, electromyography delivers a 

higher resolution of more than 1000 Hz, which might be necessary detecting subtle 

differences. Overall, shorter BD and reduced BF was found in low TL. It is possible 

that while low TL led to boredom acting as a mediating factor for fatigue, high TL 

induced cognitive activation, which counteracted fatigue. It is likely that a higher TL 

was associated with an adapted visual scanning pattern. Also, fatigue due to overload 

could be related to other physiological signals which were not measured. Moreover, 

if overload was induced remains unclear as well. Perhaps the high TL condition was 

too short or not complex enough to reach an overload threshold resulting in fatigue.  

  Methodological considerations 

The results might have been biased by methodological aspects. As the conditions used 

were originally developed for training purposes, this introduces the risk that 
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participants were already familiar with the conditions, which could have facilitated 

the conflict-solving process, leading to lower cognitive load in the high TL condition. 

In addition, the scenarios reflect realistic conditions and are therefore already limited 

in terms of their maximum TL potential. This may be due to sector capacity 

constraints. In current aviation practice, preventive measures are applied to avoid 

overload situations by restricting aircraft from entering a sector if doing so would 

exceed its capacity. Additionally, compared to an entire operationally worked shift, 

the 40-minute duration per condition was relatively short. Expectation bias may have 

also influenced the self-reported measures. When participants were exposed to the 

low TL condition, they may have anticipated feeling more fatigued afterwards, which 

in turn could have influenced their responses. The present results miss objective TL 

data, which could have been provided by means of traffic volumes or complexity 

scores. Additionally, subjective TL queries were not combined with the present 

fatigue data. Extended scenarios and even simulations with higher traffic volumes or 

greater complexity could make possible fatigue due to overloading more pronounced. 

Motivational processes should be monitored as well, as those might be relevant drivers 

for subjective fatigue and task performance. This needs to be proven in naturalistic 

settings. However, we find that different methods are suitable to measure the effects 

of low or high TL on fatigue, recommending a multivariate approach.  

  Conclusion 

This study investigated the effects of varying TL conditions in ATC on task-related 

fatigue, as theorized by May and Baldwin (2009). Our central expectation was the 

existence of a U-shape-based behaviour of fatigue in relation to TL. To match the 

shape of the curve, simulations were conducted with ATCOs in three incrementing 

TL conditions (low, moderate, and high) and the data was compared across multiple 

parameters (self-rated, behavioural, and physiological). 

The findings indicate fatigue variations due to TL differences. Coming back to the 

model by May and Baldwin (2009), we found the low TL condition was associated 

with self-rated fatigue and ET parameters, which supports passive task-related fatigue 

in ATC. For ATCOs, passive task-related fatigue could occur during quiet traffic 

periods or when monitoring tasks dominate. In these low-demand situations, the lack 

of stimulation and prolonged underload can lead to reduced alertness and declining 

engagement, even if the ATCO is well-rested. Low TL is discussed to be related with 

boredom, which might have amplified the self-rated fatigue (Edwards et al., 2017). 

For high TL, in contrast, and according to the model by May and Baldwin (2009), 

active task-related fatigue could arise during periods of high traffic or complex 

situations that demand sustained attention, rapid decision-making, and continuous 

coordination. In these high-demand conditions, mental resources could become 

depleted over time, which can lead to overall reduced work performance. In this study, 

however, no indications of active task-related fatigue were found for self-rated fatigue 

measures. However, shortened BD and reduced BF as well as a reduced HRV might 

indicate increased cognitive activation due to higher effort requirement, which 

perhaps buffered self-rated fatigue. While this supports the assumption that high TL 
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leads to a higher cognitive activation, however, subsequent active task-related fatigue 

according to May and Baldwin (2009) could not be replicated. 

Overall, our results did not confirm the existence of a U-shaped relationship between 

fatigue and task load. This may have been due to the methods used, which were 

possibly sensitive to either active or passive task-related fatigue. This suggests that no 

single method can capture both types of fatigue. On the other hand, we observed a 

levelling-off effect in fatigue relative to TL, with self-rated fatigue plateauing at low 

TL and HRV at high TL. This could be interpreted as a ‘knee’ point (a noticeable 

change in slope) in the combination of these indicators. 
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