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SUMMARY

Fatigue presents a significant risk for safety-critical systems such as the railway. Reaction time,
which is crucial in tasks such as train driving, offers a valid proxy for fatigue. This study analysed
driver reactions to vigilance alerts from on-train (‘black box’) data to show that both temporal and
workload factors can affect driver performance, demonstrating the feasibility of this method as an
objective means of detecting early indicators of driver fatigue.
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Background

In safety-critical systems such as the railway, fatigue presents a significant risk as it can reduce
alertness, impair motor control and increase reaction times (Caldwell et al., 2019; Volker et al.,
2016). In particular, train driving demands continuous vigilance; even slight increases in reaction
time can result in safety-related consequences, as drivers might fail to respond in a timely manner to
alarms and alerts, resulting in a brake intervention. Fatigue-related response delays have been well
documented in both simulated and real-world scenarios (Dorrian et al., 2006; Sallinen & Kecklund,
2010). These impairments are particularly evident during periods of cumulative fatigue or circadian
disruption (Gander et al., 2017; Xu & Hall, 2021).

Reaction time is increasingly recognised as a valid proxy for fatigue. Research shows that reaction
time reflects not only acute fatigue but also its progression across a single duty period or multiple
consecutive shifts (Gurubhagavatula et al., 2021).

The level of workload while on shift also contributes to fatigue in two ways. High workload, as a
result of excessive task demands overwhelming attentional resources, leads to active fatigue.
Meanwhile, passive fatigue is a result of under-stimulation, such as during continuous low-demand
train driving (Ma et al., 2018). This latter form can gradually deplete attention without the driver
necessarily feeling overloaded (cf. Young & Stanton, 2002), and has been attributed as a factor in
fatigue-related accidents (RAIB, 2020). The combination of active and passive fatigue is consistent
with the inverted-U performance curve, whereby either too little or too much demand is detrimental
to performance (McWilliams & Ward, 2021).

In common with other safety critical industries, fatigue risk management (FRM) is applied to
various degrees in the rail industry (Gander et al., 2011). The most visible element of FRM in UK
rail is limits on working hours (manifested through the so-called ‘Hidden limits’, which are now
seen as out of step with current fatigue science) and the use of related biomathematical tools for
roster assessment, typically through the Fatigue and Risk Index calculator (FRI; see e.g., Folkard et
al., 2007). Education and awareness raising, as well as medical screening for sleep disorders, are
also common. But methods and technology to monitor fatigue risk remain less utilised across the
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sector. In south London, Tram Operations Ltd. successfully implemented a camera-based driver
monitoring system to detect fatigue and distraction episodes, alongside other interventions as part of
a wider FRM system (see Townsend et al., 2023). Its driver monitoring system used technology
more familiar in the road haulage sector, but the application of such technology in heavy rail is
unproven and, consequently, is met with challenge from drivers and trade unions. Furthermore,
because the technology only identifies sleep onset, and not the earlier indicators of fatigue, the
benefits are largely in terms of identifying fatigue trends over time. Therefore, it is worth exploring
other methods could be both more acceptable and more useful in identifying fatigue earlier,
facilitating proactive intervention to control the associated risk.

In the rail industry, recent work (Balfe, 2017) has explored using on-train data recorders (OTDRs,
or ‘black boxes’) to monitor driver performance in real time. These metrics offer the potential to
capture fatigue-related performance degradation in operational contexts, offering advantages over
subjective (self-report) data (which may be influenced by organisational culture or other biases;
Young & Steel, 2017) and other objective methods (such as physiological monitoring) which can be
intrusive. However, further development and validation work is needed to determine which OTDR
measures relate to fatigue and how fatigue influences such performance.

This study focuses on reaction time metrics from the OTDR with the aim of detecting early
indicators of fatigue and, ultimately, using driver performance data as a practical approach for
fatigue monitoring in real-world rail operations. The key research question concerned whether
reaction time varied as a function of elapsed journey time, time of day, and workload.

Method

OTDR data were collected from 13 return journeys across four routes, covering a period between
May and July 2025. Each journey represented an outbound and return trip (i.e., 26 trips in total),
with the average trip duration being 2 hrs 37 mins. Drivers completed an outbound trip and then
undertook the return following a scheduled break, which averaged between 1 hr 8 mins and 1 hr 53
mins, depending on the destination. All journeys took place at broadly similar times of day,
departing between 13:30-14:00 hrs, which helps to control for time of day effects in the analysis.

Reaction times were derived from the OTDR data as responses to the driver vigilance alarm, an
onboard system intended to ensure that drivers are alert. For the rolling stock used in the present
study, this is implemented in a speed-dependent way. At speeds below 120 km/h, an alarm sounds
on a fixed cycle every 90 seconds, which the driver must respond to within 2.2 s by releasing and
depressing a foot pedal, otherwise an automatic brake intervention is made (Balfe, 2017). At speeds
of 120 km/h and above, the 90-second vigilance cycle is also reset through other driving actions
(e.g., adjusting the power controller, sounding the horn), so the alarm might not necessarily sound if
other controls are being used. Consequently, this analysis only included responses using the foot
pedal.

The derivation of reaction time involved some additional processing. The OTDR records
timestamps for vigilance alarm activation and reset (as a result of the driver releasing the foot
pedal); the interval between these points reflects the driver’s reaction time. However, the low
resolution of these timestamps prevented precise measurement. Instead, a more accurate measure of
time was calculated from the speed and distance channels on the OTDR (which were recorded to
higher resolutions). Furthermore, four files contained an unusually low number of recorded
vigilance alarm events. Upon investigation, these four files represented two round trips (i.e.,
outbound and return) by the same driver, whose apparent driving style involved frequently releasing
the foot pedal as a means of pre-empting the vigilance alarm. As such, these journeys provided little
insight into performance and so they were excluded from the analysis.
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For each trip, speed profiles were developed to infer workload demands along the route. It was
assumed that frequent or irregular changes in speed increased workload, whereas extended periods
of constant speed reduced workload. Each route involved a similar number of station stops, but two
of the routes involved more consistent speed profiles, whereas the other two were more variable. In
each case, though, drivers rarely experienced prolonged periods of monotony in task demands;
periods of constant speed were relatively brief (not exceeding 10 minutes). Nevertheless, previous
research indicates that low task demands can induce a state of underload well within 10 minutes
(Young & Stanton, 2002).

To define low workload sections of the route, three conditions were applied: consistent speed
profile across all journeys, duration over five minutes, and speed variation within 15 km/h across
the entire period. Based on these criteria, all except one route contained identifiable low-workload
sections.

Results

To test whether reaction time varied systematically during low workload periods, a mixed-effects
linear model was applied with reaction time as the dependent variable, elapsed time as a fixed effect
and driver ID (anonymised) as a random intercept to control for baseline differences between
individuals. This model showed that time into low workload period was not a significant predictor
of reaction time (F(1,154) = 1.314, p = 0.253), with an estimated slope of effectively zero.

Random effects analysis, meanwhile, highlighted substantial between-driver variability (c? intercept
=0.058, SE = 0.030) as well as residual within-driver variance (o residual = 0.044, SE = 0.005).
The intraclass correlation coefficient (ICC) indicated that around 57% of total variance was
attributable to stable individual differences, with the remainder reflecting within-driver fluctuations.

Thus there was no evidence that reaction times varied as a function of time into low workload
periods. However, there were pronounced individual differences in baseline reaction times between
drivers, demonstrating the importance of modelling repeated measures with random effects to
control for baseline differences between individuals.

Although reaction times did not systematically vary within low workload periods, it is still relevant
to compare workload at the broader level by distinguishing low from ‘non-low’ workload sections
(i.e., those that did not meet the above definition of low workload — which does not necessarily
mean that they were high workload sections, hence the deliberate terminology of ‘non-low”).
Adding workload as a predictor into the model therefore allows for a direct test of whether reaction
times differed between workload conditions, while controlling for elapsed journey time and time of
day. These variables were modelled separately as fixed effects owing to a moderate positive
association between them, as evidenced by a significant Pearson’s correlation (» = 0.516, p <
0.001), meaning that the two predictors cannot be considered fully independent.

The first model, which included elapsed journey time, revealed several significant effects. Reaction
times were lower during low workload periods (estimate = 0.085 s, F(1,2067) = 7.77, p < 0.01) and
also increased as the journey progressed (£(1,2067) = 12.676, p < 0.001), although the effect size
was minimal (slope = 1.7 x 107 s per second). A significant interaction between workload and
elapsed time was observed (F(1, 2067) = 6.71, p < 0.05), as reaction times tended to rise across
non-low workload trips but decreased slightly in low workload periods (see Figure 1). Again, there
was substantial between-driver variability, accounting for about half of the variance (ICC = 0.50).

The second model used time of day as the predictor. Although there was no significant main effect
of time of day on reaction time (F(1, 2067) = 0.216, p = 0.642), reaction times did again differ
significantly by workload, but now they were higher during low workload periods (estimate = 0.461
s, F(1,2067) = 13.872, p <0.001). A significant interaction between workload and time of day was
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observed (F(1,2067) =13.072; p <0.001); reaction times decreased slightly later in the day across
non-low workload periods, whereas they remained stable in lower workload periods (see Figure 2).
Once more, there was substantial individual variability (ICC = 0.49).
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Figure 1: Reaction time in low workload (LWL) vs. non-low workload (Non LWL) periods as a
function of elapsed journey time.
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Figure 2: Reaction time in low workload (LWL) vs. non-low workload (Non LWL) periods as a
function of time of day.

Discussion and conclusions

The time of day model proved to be the best statistical fit, slightly outperforming the model based
on elapsed journey time, suggesting that circadian timing may explain more overall variance. This
model found no main effect of time of day but reaction times were slower during low workload
periods. There was also an interaction with workload, as reaction times decreased later in the day
only in non-low workload sections. This result appears counterintuitive at first glance but, when
considering the time period that the journeys covered (mid-afternoon onwards), ‘later in the day’ in
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this sense reflects emergence from the mid-afternoon dip in circadian alertness. Thus we may intuit
that greater task stimulation (i.e., non-low workload sections) help to recover performance from that
dip, since the decrease in reaction time with time of day was not evident in low workload sections
(cf. Young & Stanton, 2002).

Meanwhile, the model based on elapsed journey time produced apparently conflicting results, this
time showing faster reaction times during low workload along with gradual increases in reaction
time as the journey progressed, but only for the non-low workload sections. Again, though, this
finding is consistent with expected fatigue effects, indicating that higher workload may exacerbate
the impact of time-on-task related fatigue. As a caveat to all of this, though, it is worth noting that
there was substantial between-driver variability in both models, accounting for about half of the
variance.

One limitation of this study lies in the data reduction approach to derive reaction times. By only
including foot pedal responses to the vigilance alarm (which was a pragmatic decision based on the
available data on the OTDR), the analysis is effectively constrained to those sections where speed
was less than 120 km/h. Not only does this limit the size of the dataset, but it also means that
potentially higher workload scenarios (taking place at higher speeds and with more driving task
activity involved) are omitted. This could have an impact on the statistical modelling by reducing
the contrast between low and non-low sections of the route.

Another related area of discussion, to consider for future research in this domain, surrounds the
definition of low workload periods. Alternative speed profiles, such as segmenting by time at
constant speed, or varying the threshold for the length of time at constant speed, may yield different
results. Moreover, using speed profiles altogether may oversimplify workload; alternative
approaches, based on a more qualitative assessment of route features or driver self-report measures,
could enhance sensitivity. Refining these definitions of workload may therefore reveal patterns not
captured in the current modelling framework. Reaction time modelling could also be extended using
non-linear representations of time of day to better reflect circadian rhythms, including the mid-
afternoon dip observed in this dataset, which may be obscured by the linear specifications used
here.

Overall, though, this study shows that operational data can provide valuable insights into fatigue-
related performance decrements not easily captured by more intrusive measurement methods.
Together, the two models show how both temporal and workload factors can affect driver
performance. Moreover, they demonstrate that reaction time, as measured on the OTDR, is sensitive
to both journey progression and time of day influences, with the relative effect being dependent on
the workload context. Future work should aim to scale this analysis methodology up to larger
datasets, to enable deeper exploration of individual differences and to support development of
driver-specific fatigue profiles.
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